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“When you are studying any matter, or considering any philosophy, ask yourself only what
are the facts and what is the truth that the facts bear out. Never let yourself be diverted
either by what you wish to believe, or by what you think would have beneficent social
effects if it were believed. But look only, and solely, at what are the facts.”
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Chapter 1

New Evidence for an Old Puzzle: The
Fadeout of Early Childhood

Education Impacts on Cognitive Skills



1.1 Introduction

Early childhood education programs are key policy tools that can have high economic returns
and equalize opportunities in society.! Although many of these programs present strong
initial impacts on cognitive test scores, several evaluations show that these effects dissapear

2 This phenomenon is known

or strongly diminish shortly after the end of the programs.
as “fadeout”, and it is the main criticism of early childhood education programs in policy
debates.? Despite its prevalence, its causes remain unknown and largely unstudied. In this
paper I describe the timing of the fadeout and identify its possible causes.

In the first part of the paper, I describe the main trends in the data and the timing of
the fadeout. I use two preschool programs, the Perry Preschool Program (Perry) and the
Early Training Project (ETP).? In these datasets, participation is exogenous because the
programs were randomly assigned, and there are no treatment substitutes. The main trends
in the data provide some insights about the factors underlying the fadeout phenomenon:
The raw scores show that the level of the children’s skills are increasing with age across all
the periods covered in the data. The standardized scores show that the skills of children

in the control group have substantial increases at school entry compared to the average US

children, even controlling for age.®

IThis paper focuses on high-quality education/stimulation programs targeted at disadvantaged children
ages 0-5. Positive long-term impacts of these programs are discussed in Blau and Currie (2006a), Heckman
et al. (2010a), Campbell et al. (2014), and Elango et al. (2015). Two comprehensive cost-benefit analyses
are Heckman et al. (2010b) and Garcia et al. (2016)

2Appendix A shows further evidence of this phenomenon as compared across several early childhood
education programs. Throughout the paper I use the term “cognitive test scores”. Most of the tests that
I use aim to measure what is commonly known as Intelligence Quotient (IQ). While there might be more
long-term impacts on achievement test scores, we know little about the fadeout of achievement tests because
they are generally not available until children have entered school. Heckman and Kautz (2012a) discuss the
difference between IQ and achievement tests.

3Some representative articles are Dalmia and Snell (2008), Guernsey and Bornfreund (2013), Alison
(2014), Armor (2014), and Kirp (2015). These critiques have been present since the first results of school-
age follow-ups of early childhood education programs were published (Project Head Start, 1969; Lazar et al.,
1982).

4T define Preschool programs as education/stimulation programs attended by children during one or two
years before they enter school (ages 3—6 in these data).

SThere is variation in age of school entry in these datasets: When Perry was implemented, Kindergarten
was part of public schools on its state. When ETP was implemented, public education started on first grade



I study the period-by-period change in the gap between the treatment and the control
groups to identify the impacts of each period’s events. I find patterns of impacts that were
not previously discussed in the literature: (i) around 63% of the maximum gap between
the groups is created within the first two months of the programs; (ii) a second year of
exposure to the programs does not generate additional impacts; and (iii) after the programs
end, around 83-99% of the fadeout happens in the first year of school. There are two major
changes for the children in that year: they exit preschool and they enter school. In principle,
any of these two factors, or both, could be causing the fadeout.

In the second part of the paper, I separate the program-exit effect from the subsequent-
schooling effect. We could disentangle them if we had a second experiment after the programs
end, whith children being randomized into attending schools or staying at home. Given that
schools are generally universal, I propose an alternative approach by studying fadeout of
toddler care (ages 1-3) impacts at preschool entry, instead of fadeout of preschool impacts
at school entry.®

I use data from a program that provided toddler care at ages 1-3, the Infant Health
and Development Program (IHDP). The data has the unique feature that after a first period
when the randomized program is in place, there is a second period when families can choose
whether to enroll children in preschool or not. This provides the necessary group that attends
a program and then stays at home in a second period, so their test scores are affected by
program exit, but not by subsequent schooling.

Given that assignment in the second period is not randomized, I take two steps to avoid
endogeneity. First, I only estimate within children attending preschool or within children
not attending. Second, within each of these two groups, the ones who were randomized into
[HDP could in principle be different from those who were randomized out of it. I document
that in practice the randomization did not significantly affect preschool take-up in the data,

so it is possible to assume that the composition of children attending preschool is not altered

on its state.
ST define toddler care as education/stimulation programs for children ages 1-3.



by randomization.

Then, I am able to identify the pure program-exit effect by studying the impact of the
randomization into IHDP in children that did not attend preschool. I find that within this
group there is no fadeout in the second period. The impacts do not diminish until after
children enter schools. On the other hand, there is a strong fadeout for the IHDP treatment
group that attend preschool: most of the advantage acquired up to age 3 is gone by age 5.

If the underlying mechanisms for fadeout at early ages can be extrapolated to school
entry, then the fadeout phenomenon is caused by the positive school-entry effect in control
children, not the negative preschool-exit effect in treated children. Thus, opposite to a widely
held belief, my findings suggest that depreciation is not empirically relevant for fadeout.
This finding contributes to understand the old puzzle of the disappearance of the impacts
on cognitive skills.

The rest of this paper is structured as follows: Section 1.2 discusses some hypotheses
about fadeout in the literature. Section 1.3 discusses conditions to interpret my findings in
terms of skills. Section 1.4 presents the three datasets I use and the main trajectories of
cognitive skills in the data. Section 1.5 explains how a skill formation framework allows me
to identify the timing of the impacts. Section 1.6 shows the results from the estimations.

Section 1.7 concludes.

1.2 Literature Discussing Fadeout and Hypotheses

1.2.1 Descriptions of Fadeout

The existence of the fadeout phenomenon is well known in the literature. Currie (2001a),
Barnett (2011) Duncan and Magnuson (2013a), Elango et al. (2015) and Bailey et al. (2015)
are a few of the many papers documenting it. There are a few remarkable examples of
programs that present gains on IQ using relatively long-term measurements. However, even

for these exceptions, the impacts during the program are much stronger than the long-



term impacts (Campbell et al., 2002; Duncan and Sojourner, 2013a). Later in the paper I
show that the raw test scores have increasing trends across all years. This is also relatively
well known. Based on that, some studies prefer to describe the fadeout as “catch-up” of the
control group (Duncan and Magnuson, 2013a; Yoshikawa et al., 2013a). Four papers, Camilli
et al. (2010), Leak et al. (2010), Various (2014) and Bailey et al. (2015), use meta-analyses
to describe how program impacts decrease after the end of the program. They respectively
estimate the decline to be 10, 20, 33 and 56% of the total impact of the program per year
(the last two explicitly calculate the decline after the first year). In a recent paper, Bailey
et al. (2015) discuss the types of skills that could generate long-term impacts in children,
from the point of view of three different theoretical approaches.

Even the largest of the estimates about the decline of impacts in the literature is far from
my estimates of 83-99% of the fadeout closing in the first year of program.” For the case of
cognitive skills, I provide evidence contrary to what Bailey et al. (2015) call the “sustained
environments perspective”, as in my data higher quality environments for both the control
and the treatment groups imply stronger fadeout. Magnuson et al. (2007) is fully consistent
with my findings that fadeout is occurs when children are exposed to subsequent schooling.

The most closely related paper to this study in the education literature is Magnuson
et al. (2007). They use nationally representative data and present the surprising finding that
fadeout is stronger in higher-quality schools. The scenario I study, the absence of subsequent
education after attending a program, might be considered a more extreme version of the low-
quality schools they study. I improve on their work by analyzing the timing of the fadeout,
by testing explicit hypotheses, and by correcting for selection on unobservables into preschool
and into subsequent experiences. The latter is especially important, as it is hard to determine

if the impacts they find are distorted by the composition of the groups.

"This difference might be due to the presence of treatment substitutes in the programs considered in
the meta-analyses. This makes the bulk of the impacts close while the program is still running, making
the impacts that remain after the second year of school a larger fraction of the impacts at the end of the
programs.



1.2.2 Hypotheses About the Causes of Fadeout

Almost all surveys on early childhood education programs mention some hypotheses about
the causes of fadeout. However, there are surprisingly few studies formally testing those
hypotheses. Thus, the exact meaning that different authors give to them is not always

obvious.

e Hypothesis Related to the Loss of Previous Gains After Program FExit. The most com-
mon theory for fadeout is that gains from preschool are lost because children exit
the programs and they do not receive substantial positive investments after that.
Most often, the authors hypothesize that gains from the program could be maintained
if high-quality investments were in place (Currie and Thomas, 1995a; Barnett, 1995,
2011; Duncan and Magnuson, 2013a; Yoshikawa et al., 2013a; Bailey et al., 2015). They
are based on the assumption that the schools that children participating in the exper-
imental programs attended were very low quality. Two interpretations of this theory
could have different observable implications: The first is that there will be depreciation
of the skills gained from the program. If this is true, there would be a negative impact
on the skills of treated children after program exit (fadeout of skills rather than just
fadeout of gains). This negative impact could not be observable in the data trends, if
it is masked by positive age effects. The second interpretation is that even in absence
of high quality formal education, control children would learn what treated children
learned earlier in early childhood education programs. In that case, there will be no

negative trends in the data.® As an example of this group of hypotheses, in Appendix

81n this paper, I operationalize substantial positive investments as participation in a formal early childhood
education program. Given the high impacts of the preschool programs I analyze, we know that, at least
for cognitive test scores, and in these disadvantaged populations, these programs are more effective than
family /informal care for fostering cognitive skills.

9Note that the Depreciation hypothesis is valid if all children attend low-quality schools. An alternative
explanation,that has been suggested for the fadeout observed in Head Start, is that children that participate
on it attend lower quality schools than comparison children (Lee and Loeb, 1995; Currie and Thomas, 2000).
While that explanation can account for part of the fadeout in studies using observational data, I document
that in the experimental programs I consider treated and control children attend similar schools, and the
data still show strong fadeout.



B I present a formal model of depreciation, in which the gains from early childhood

education programs depreciate faster than other cognitive skills.

e Hypotheses Related to Differential Gains from Subsequent Schooling. Several hypothe-
ses given in the literature state that control group children gain more from subsequent
schooling experiences than treated children. There are at least two reasons why this
can be true. One is that teachers make compensatory efforts to help the least prepared
children catch-up. If this is true, as treatment children would be more school-ready
than control children, the former would get less attention from their teachers (Barnett,
2011; Duncan and Magnuson, 2013a).1% A second reason is that there might be dimin-
ishing returns to education on the production of test scores: if a few easily trainable
concepts are necessary to answer a test, only the first exposure to formal education
will make a large impact on test scores. If that is true, treatment children will obtain
that boost during their first year in preschool, and control group children will obtain it
at school entry, and fadeout will be observed in the data. As an example, in Appendix

B, I present a formal model of differential gains from subsequent education.

e The Statistical Artifact Hypothesis. In one of the few papers that directly attempts
to test a hypothesis for fadeout, Cascio and Staiger (2012) discuss the possibility that
part of the observed fadeout on test scores is due to using measurements that are age-
standardized, which could imply presenting estimates in terms of standard deviations
that increase period by period. In this case, a permanent impact could look smaller
across time because the denominator of the age-standardization is increasing in each
period. The authors assess this possibility and find that it does play a role in fadeout.
Although I use standardized scores in the main estimates, Appendix J shows that
my findings are robust to using other transformations of the measurements that are

unaffected by this statistical artifact.

0Two observational papers (Engel et al., 2013; Claessens et al., 2013) find that Kindergarten teachers
spend most of their time teaching the most basic concepts, which are only helpful for the least prepared
students.



In the paper, I test the empirical support of the subsequent-schooling hypotheses com-
pared to the support of the program-exit hypotheses, finding that the latter have little sup-
port in the data. In Section 1.7, I discuss what are the most plausible mechanisms behind

differential gains from subsequent schooling.

1.3 Measurement of Skills

In Section 1.2, I mention several papers that give evidence on the existence of fadeout on
test scores. However, the most important policy question is whether there is fadeout on the
impacts on skills. While scoring better in a test can have little consequence, having a higher
level of cognitive skills can substantially improve an individual’s life prospects. Thus, in
this paper, I take three steps toward using skills, not just measurements, as the variables of
interest: (i) I account for measurement error; (ii) I use statistics that are invariant to the
arbitrary scale of test scores, and (iii) I check the robustness of my estimates using several
transformations of the test scores.

Throughout this paper I generally assume that tests have quantitative information. This
is a strong assumption, which some economists have critisized (Cunha et al., 2010a; Bond
and Lang, 2013; Jacob and Rothstein, 2016). Given that my research question involves
quantifying magnitudes of skills, I need to take this assumption for my main estimates.!’ In
Appendix J, I test the robustness of my main estimates using several transformations of the
test scores, and different types of tests, finding that the qualitative patterns hold generally

across almost all of the transformations.

"UHowever, in Appendix F, using only ordinal properties of the test scores, I can still identify some patterns
on skills. In particular, (i) in terms of the levels, I show an increase in the skills for both groups across all
periods; and (ii) in terms of the gaps between the treated and the control groups, I show that the data is
consistent with fadeout on skills. The main findings are that at baseline, there is no stochastic dominance
between the treatment and the control group. Then, during the program, there is stochastic dominance of
the treatment group. Finally, in later periods there is no stochastic dominance. Moreover, at later ages
I cannot reject the hypothesis that the distributions are identical, while it is rejected during the program.
I also show that the distribution of the test scores at each age dominates the distribution of skills in the
previous age for the control and for the treatment groups. Those patterns match with the dynamics obtained
using quantitative properties for the tests, as shown in Section 1.4.



1.3.1 Measurement Model

I define my object of interest in this paper as the (possibly narrow) type of cognitive skills
that test scores measure. I assume that the tests are dedicated measurements of skills, so all
tests that I use measure a single scalar-valued skill. Let a measurement of cognitive skills for
individual 7 at time ¢ be M. The type of test, m, refers to each of the different cognitive
tests in the data.!?

I assume a linear measurement model for the relationship between test scores and skills.
This is the standard model in the economics literature, and it arises naturally when using

quantitative properties of test scores.!?

M} =a™ + "0y + €l (1.2)

where €]} is the measurement error. I also assume that the measurement errors are indepen-
dent from the skills, and have a mean of zero: 6;; L €}, E[e}"] = 0.

In this paper I combine different types of tests to maximize statistical power and to
observe changes across finer periods of time. Thus, I use transformations of the measurements
for which the assumption of identical slope parameters is plausible (for example, it is not
reasonable to assume that the b parameters are identical for Raw Scores of different types

).14

of tests, because in practice they have different scoring scales In particular, for my

12Tn section 1.4, I discuss the available types of tests. Two examples of types of tests are the Stanford-Binet
Test and Peabody Picture Vocabulary Test (PPVT)

I3This measurement model is common in the economics literature when papers attempt to draw conclusions
about skills (Todd and Wolpin, 2003, 2007; Cunha and Heckman, 2008a). Let a generic non-stochastic version
of a measurement be M}* = g (6;:). The literature on measurement theory organizes and rigorously describes
several types of scales with different properties, and the weakest assumption necessary for measurements to
have quantitative properties is the preservation of intervals (Narens, 1981; Krantz et al., 1971; Iverson and
Falmagne, 1985; Luce and Narens, 2008). Let a set of four measurements in any subject-time combination
be indexed by {1,2,3,4}. I define that a non-stochastic measurement M]}* preserves intervals if:

Mlm (91) — Mén (92) E Mén (93) — Min (94) <~ 01 — 0, ; O3 — 64. (1.1)

If the measurement preserves intervals, it is possible to show that the relationship between the measurement
and the test will be affine, so M/} = a™ 4 0"0;; with b™ > 0. Given that, the linear measurement model in
Equation (1.2) seems like a natural assumption.

141 define all transformations mentioned in the paper formally in Appendix G



main estimates I use: (i) Raw Scores of a single type;'® (ii) Standardized Scores, which are
expressed in standard deviations of the national raw scores at each age; and (iii) Mental Age
Scores, which are an estimate of the average age for children that have a given score in the
test. For all of these tests, I assume that their ™ parameter is the same. This is a strong
assumption for (ii) and (iii), so I check how my estimates change when I only use test scores
of the same type in Appendix J. Combining multiple tests generally make trends to look less

smooth, but all the main insights are robust.

1.3.2 Parameters of Interest in this Paper

Let the Randomization into the programs I use in this paper be R;. A child randomized
into a program has R = 1, and R = 0 otherwise. An important assumption that I require
in this paper is that E [¢}"|R] = 0. This assumption is not trivial and could not be satisfied
in practice. It can be interpreted as assuming that tests are not artificially inflated by the
treatment, so that gaps in the tests reflect gaps on skills.'® If this assumption is true, the
measurement model allows me to identify the change in gaps on skills up to a scalar using the
change in gaps on measurements. Most estimates in this paper are based on these statistics.
Let AV be defined, for any variable V', in the following way: AV = E[V|R = 1]-E[V|R = 0].

Then, we can construct:

AM™ — AM™, = b™ (A6, — Ab;_,) (1.3)

From model (1.2), we can conclude that it will only be possible to identify the moments

15Tn practice, when tests are of the same type, the available questions are generally the same for each year.
The children do not answer exactly the same each year because, while giving the tests, the examiners skip
the questions that are considered too easy for the capacity of the children and stop when they are too hard.
The type of test, m, is important because it is possible to assume that tests of the same type will have the
same b parameter.

16The plausibility of this assumption depends on the breadth of the definition of the skills we use. For
example, if the programs makes treated children better at tests because they teach them very simple skills
that are useful for taking tests as names of common objects, and the definition of skills includes those skills,
the assumption will be satisfied. If those skills are excluded, the assumption could not be satisfied. For this
paper I have to assume a broad interpretation.

10



of 6 up to a scalar. That is natural, as it should not be possible to identify the scale of the
skill. Given that problem, I report my main findings in terms of ratios using other statistics.
In particular, I report the changes in the gap on skills across two periods relative to the
total fadeout in the data. For example, under the linear measurement model it is possible
to claim that 83-99% of the fadeout happens at the first year of school. If the period of the
maximum gap in measurements is P and the period of the minimum gap is 7', then I define
the fadeout as Afp — Af7.'7 Then, the change in the gap between periods t and ¢ — 1 can
be expressed as:
AM™ — AM™, A0, — AO;_,

AME — AMP ~ A0p— AOr (1.4)

We can construct the left-hand side. In theory, this statistic will be invariant to the arbitrary
choice of the tests because it does not depend on the test-specific parameters ™ and ™. In
practice, the estimated magnitudes will have sample variation and will change from test to

test.

1.4 Data

The data in this paper comes from three early childhood education programs: (i) the Early
Training Project (ETP); (ii) the Perry Preschool Project (Perry); and (iii) the Infant Health
and Development Program (IHDP). The first two datasets are very similar, and I use them
separately from ITHDP. The ETP and Perry datasets share some characteristics that make
them ideal for the study of the patterns of impacts: Both were implemented using randomized
controlled trials (RCTs) with minimal compromises to randomization. Additionally, there
were no treatment substitutes for the control children. The treatment for both programs
was dispensed in two groups of cohorts, with one group receiving two years of preschool and
one group receiving one. Many rounds of cognitive tests were collected from the subjects

before, during, and after the actual programs.

"In practice, I also remove any baseline differences from the maximum gap in measurements.
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While the data in ETP and Perry are very rich, they do not have variation in exposure
to formal education after children leave the program: all children started attending school
immediately after the programs ended. That is the type of variation that is needed to
separate the Differential Gains Model from the Depreciation Model. The THDP data gives
access to this type of variation. Table 1.1 illustrates the timing of the program for the

different experimental groups and the test applications for all three programs.

1.4.1 Early Training Project

The Early Training Project (ETP) was implemented in Abbotsfield, Tennessee from 1962
through 1966. The program was intended for children aged four to five years old prior to
entering public school (Gray et al., 1982a). The targeted children were all African American,
and they were considered disadvantaged as defined by family income, housing characteristics,
and maternal characteristics including education (at most eighth grade) and occupation
(unskilled or semi-skilled, or unemployed) (Klaus and Gray, 1968).

Due to segregation, all African-American children in the community, including all ETP
participants, attended the same elementary school. In Tennessee at the time, public school
began with first grade (Gray et al., 1982a; Cascio, 2009). All the teachers were African
American, with education and experience comparable to those of the white teachers in other
schools (Gray and Klaus, 1970).

There were sixty-one children randomized into one control and two treatment groups.
The two treatment groups received different durations of the program: one of the groups
received three summers of center-based care and two winters of home visits starting at age
four. The other treatment group only received two summers of center-based care and one
winter of home visits starting at age five (Klaus and Gray, 1968).

The data contain four different 1) measures administered with varying degrees of fre-

quency.'® Aggregating all the IQ measures, there is at least one IQ measure before and after

18The tests are ITPA, PPVT, SB, and WISC.
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each of the three summers of treatment, as well as before and after school entrance with

additional follow-ups at ages 7, 8, 10, and 16.*°

1.4.2 Perry Preschool Project

The Perry Preschool Project (Perry) was implemented in Ypsilanti, Michigan, from 1962
through 1967. To be eligible, children needed to be African-American, have an IQ ranging
from 70 to 85 (which is low compared to the national mean of 100), and come from a
disadvantaged family as defined by parental employment, income, education, and housing
characteristics (Weikart et al., 1967).

All of the Perry participants attended Perry Elementary School. In Michigan at the
time, public school began with kindergarten. Most of teachers at this school were also
African-American and had at least a bachelor’s degree (Berrueta-Clement et al., 1984).

There were 123 children who participated in Perry; of these children, 58 were randomly
assigned to the treatment group and 65 to the control group (Weikart et al., 1967). These
children were assigned to five cohorts based on birth date. The treatment included a 2.5-
hour preschool session on weekdays during the school year and weekly home visits from their
teachers lasting 1.5 hours. The program lasted for two years starting at age three except for
children in the first wave, who were all four years of age upon entry and who only received
one year of treatment (Weikart et al., 1978).

Data on the subjects were collected annually while they were ages 3 through 11, and
again at ages 14, 15, 19, 27, and 40. Various IQ and achievement measures were used to
assess the cognitive abilities of subjects over time. Five 1Q tests were administered with
varying degrees of frequency to test subjects at various ages.?’ For a full description of the

cognitive measures in the data, see Appendix C.

9For a full discussion of the cognitive measures present in the data, see Appendix C.
20The tests are ITPA, Leiter, PPVT, SB, and WISC.
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1.4.3 The Infant Health and Development Program

The Infant Health and Development Program (IHDP) was a large-scale randomized con-
trolled trial aiming to study the development of premature, low birth-weight children. It
took place in the medical facilities of eight major university campuses during the mid-to-
late 1980s. The children born in those clinical sites were eligible to be participate if they
weighted 2.5 kilograms or less, had a maximum gestational age of 37 weeks, and lived within
45 minutes of the sites.

The 985 participants were stratified by clinical site and birthweight group (<2 kg or
2-2.5 kg). One third was randomly assigned into the treatment group and two thirds into
the control group.

The treated group received home visits immediately after birth (weekly in first year,
biweekly from ages one to three), which aimed to implement a curriculum for the child,
as well as to teach parents problem-solving and child-rearing skills. After the first year,
the treated children were required to enroll in center-based childcare. This component was
freely provided by THDP for 5 days a week, between 4-9 hours per day, for 24 months. The
childcare centers had teacher:child ratios from 1:3-1:4, and continued the curricula from the
home visits. From ages one to three, the treated group also had access to bimonthly parent
meetings for parents to discuss concerns and provide support to each other (Gross et al.,

1990; Brooks-Gunn et al., 1992; Martin et al., 2008).

1.4.4 Cognitive Scores Trajectories in the Data

1.4.4.1 Raw Scores Show Skills Generally Increase Across Time

It is possible to identify the sign of the trends in skills from the trends in scores, if repeated

measurements of the same tests are available. From Equation 1.2, we have:

E [MZT] —FE [MZ'T—I] =" (E [eit] —FE [eit—l]) (1-5)
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Given that 0™ > 0, we can identify the sign of the change in skills across periods from the
sign of the change in tests. Figure 1.1 presents the trends for both programs in two different
tests.?!

Figure 1.1: Dynamics of Raw IQ Scores

(a) Perry Preschool Project, Stanford-Binet (b) Early Training Project, Stanford-Binet
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Note: In these graphs, the scores are not standardized. They represent the raw scores, or the sum of the
number of correct questions in each year. The solid line represents the trajectory of the treatment group,
and the dotted line represents the trajectory of the control group. Thin lines surrounding trajectories are
asymptotic standard errors.
It is possible to see from Figure 1.1 that a gap opens when children enter the preschool
programs, and it closes a few years after they have ended. More importantly, we can conclude

from the figures that skills increase across all periods during childhood, with an exception for

the control group of ETP around 60 months.?? For this paper, it is important to note that

2IThe data in Figure 1.1 are original to this paper. Only age-standardized scores were originally available
in the Perry data (which is usual practice in many datasets with IQ tests). Thus, in order to obtain the raw
scores age-by-age it was necessary to do reverse-engineering on the scores using the original test manuals.
See Appendix C for details on this process.

22There are only 21 individuals in that group, and the difference between measurements is only three
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the treatment group does not suffer a fall in its skill level at school entry (the tests reflecting
school entry in ETP are taken around 83 months). The fadeout phenomenon can, in this
sense, be better described as a “catch-up” of the control group. This fact is important for
the policy interpretation of the whole fadeout phenomenon. It is, however, less useful for
distinguishing between the different hypotheses about the causes of fadeout. Negative trends
at school entry would be evidence toward the existence of depreciation in skills (program-exit
effect). However, if (i) there are positive school entry effects; or (ii) there are positive age
effects, the existence of depreciation could still be compatible with positive trends in the

data. Figure 1.2 addresses the first of the two problems.

1.4.4.2 Skills Increase Even for Children Transiting from Toddler Care to No

Preschool

Figure 1.2 presents the evolution of raw scores for IHDP individuals that were randomized
into the high-quality IHDP program, but then received no preschool education in the two
years after [HDP ended (at ages four and five).?® This is the case in which we would be most
likely to see some depreciation in observational data, but the effect of age is still present.

Out of 40 children randomized into treatment who received no preschool at ages four
and five, only one suffered depreciation of his scores, and in that case it was a very small
decrease. Although it is still possible that the fixed age effects are masking some degree of
depreciation for all of the observations, I interpret this as evidence against the importance
of depreciation in the data.

In Appendix F, I analyze the skill trajectories assuming that tests only have ordinal
properties, using a stochastic dominance analysis and testing for equality of distributions.
In Appendix G, I present trajectories using six different transformations of all the different
tests available in the data. The patterns of (i) strong initial impacts; (ii) no impacts in the

second year; and (iii) strong negative impacts at school age hold very generally. In Appendix

months.
23 About two-thirds of the individuals randomized into IHDP participated on it.
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Figure 1.2: Evolution of Raw 1QQ Scores for Children Transiting from Toddler Care to No
Preschool
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Note: This chart includes all children in the Infant Health and Development Program randomized into in
the treatment at age 0-3, and then did not have any formal education experiences at ages four to five.
Observations over the 45-degree line correspond to children who increased their scores during that period.

H, T present t-tests of difference in means for all ages for several transformations of the test

sScores.

1.4.4.3 Age-Standardized Scores Show Impacts of School on the Controls

As discussed in Section 1.3, under a measurement model it is possible to draw lessons about
skills using test scores, if interpreted correctly. Age-standardized scores measure the skills
of a child relative to the average US children of her age group.?*

Figure 1.3 depicts the trends of age-standardized scores for the PPVT test in Perry and
ETP.% To avoid distorting the timing of the impacts, this figure only includes cohorts that

entered Perry at age 3.26 We can see that (i) there are very strong impacts for the treated

24In Appendix G I present a formal definition of age-standardized scores.

25Gee Figure 48 in Appendix L for the analogous chart using the Stanford-Binet Test, which is also common
for both interventions and available in the data for all years. Although that chart looks a bit more noisy,
when taken together both of them share the patterns I highlight here.

26The graph of the Perry fadeout commonly presented in the literature mixes cohorts that entered at
different times into the program. This slightly distorts the picture in a way that makes fadeout seem less
pronounced than it really is.
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children at preschool entry; (ii) The scores of the treated children show no clear change in
trend at school entry; and (iii) the fadeout seems to be strongly influenced by increases in
the scores of the control group at school entry age. The surge in the scores of the control
group is not an age effect: ETP children entered school at age 6, and Perry children entered
at age 5. This difference creates a natural variation that allows to control for the effect of
age. In Appendix L, I aggregate the data from both programs and formally test the impacts
at school entry for the control group controlling for age. Across different specifications, there
is a large positive impact on scores in the control group at school entry, equivalent to 3/5 of
a standard deviation of that test in the population.?”

The impacts on the control group at school entry age imply that the gap in skills
between the control group (formed by very disadvantaged children) and the average US
children narrowed down at that age. Appendix M formally discusses what age-standardized
scores measure and how these impacts can be interpreted as evidence for the two models
in Appendix B. When Perry control children entered school at age five, around 30% of
US children had attended preschool education at ages 3—4. When ETP control children
entered school at age six, around 70% of US children had attended Kindergarten at age
5 (Snyder et al., 2016). There might be catch-up because those previous advantages (and
home environment differences) imply that control children gain more from entering schools
than the average US children. On the other hand, explanations based on depreciation do not
seem plausible in explaining the fadeout observed at school entry: there is no reason why
the average US children at the time should have suffered a strong decrease in quality from
their preschools to their schools. That implies that depreciation based on quality is not a
convincing explanation. The program-exit hypotheses that explain fadeout by the supposed
low quality of the subsequent schools would predict that the the scores of both groups of
children should have decreased significantly compared to the average US children at school

entry. This analysis suggests that an important part of the fadeout was caused by positive

27This regression can have a causal interpretation: entry into school is a deterministic function of age and
dataset (Perry or ETP) and no treatment substitutes were available for control children in these studies.
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impacts of school entry in the control group and is consistent with the evidence I present

later in the paper.

Figure 1.3: Dynamics of the Standardized Scores in the PPVT Test: Perry and ETP
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Note: Standardized Scores are constructed by substracting the mean for a representative sample of the age
of the child to her raw score, and then dividing by the standard deviation for a representative sample for
that age. The result is then multiplied by 15 and added 100, for simplicity and homogeneity across tests.
Children in Perry take a baseline measurement at 36 months, are tested after the first year of preschool at
48 months, are tested after the second year of preschool at 60 months, are tested after the first year of school
at 72 months and up to age 12. Treated children in ETP take a baseline measurement at 46 months, are
tested after the first summer school at 49 months, receive home visits during the second year, are tested
before the second summer school at 58 months, then after it at 61 months, then they receive home visits
during an additional year, and they are tested before the third summer school at 70 months and after it at
73 months, when they enter school. They are tested after the first year of school at 83 and 85 months, and
again at 95 and 121 months. Control children experience the same testing schedule.
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1.5 Methodology

In this section, I first present the general skill formation model in which my estimations
are based. Then, I discuss how to identify and estimate the period-by-period impact of
the Perry and ETP programs. I use (i) the relationship between skills and test scores that
was posed in Section 1.3 and (ii) the timing of events that characterize the programs, as
discussed in Section 1.4. Finally, I show how it is possible to separate the program-exit and

the subsequent-schooling effects in the IHDP dataset.

1.5.1 A Skill Formation Model

Given that the interventions were randomly assigned, it is possible to identify their total
(accumulated) impacts on the skills in each period as the simple gap between the treated
and control groups. However, I am interested in going beyond the simple treatment effects
and exploiting the longitudinal structure of the data to estimate how cognitive skill gains
in a given period can be decomposed from gains in previous periods. Because the pro-
grams had a single randomization, it is necessary to impose some structure to calculate this
decomposition.

I start by presenting a model that nests mosts of the hypotheses in the literature.
Given that this model cannot be fully identified using the available datasets, I impose some
restrictions in the model to allow for identification of interpretable parameters.

Let the cognitive skill in a given period, 6;; be given by (i) the persistence of the cognitive
skill in the previous period, 6;;_1; (ii) participation in formal education in period ¢, Fj; (iii)
exposure to formal education in the previous period, Fj_1; (iv) Parental Investments in
period t, I;;; (v) an age fixed effect, wy; (vi) an individual fixed effect, o;; and (vii) a random
error, 7;. In Appendix B, I show that the main models I consider can be reduced to these
main factors. To allow for the different possibilities discussed in the hypotheses in Section

1.2, I allow for the effect of previous schooling to influence the change in skills in the current
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period, both directly and interacted with current schooling:

Oir = pbir—1 + 5tE’t + 1 FyFiyq + 0 F1 + (Bt[z't + w + a; + Ny (1.6)

The program-exit hypotheses will imply that, conditional on the level of the skills in the
previous period, children that have been in formal education in the previous period will have
a decrease on their skills relative to other children (so d; < 0). An equivalent way to see this
is that children in the programs already obtained positive impacts from Fj;_1, but most of
those impacts will not last.?® I show a formal model of depreciation in Appendix B that has
this implication. The subsequent-education hypotheses will imply that there is a negative
effect of the interaction between previous formal education and current formal education (so
7; < 0), because children that already participated in the programs will learn less.

In practice, the main assumption I take is that the skills have complete persistence, so
pr = 1 in Equation (1.6). I assume these values instead of estimating them because it would
not be possible to estimate the parameter reliably (especially while using individual fixed
effects) in a dataset of this size. As discussed in Blundell and Bond (1998), and in much
of the later literature on dynamic panel data estimation, autoregressive parameters that are
close to unity are highly problematic to estimate. By assuming that p = 1, it is possible to
estimate the rest of the parameters of the models consistently, even including fixed effects.

There are several reasons why assuming p = 1 makes sense in the case of the paper.
First, Cunha and Heckman (2008a) estimate linear models of skill formation, finding that the
value of the coefficient for cognitive skills ranges from 0.92 to 0.99.2 Second, in Appendix
I T present my estimations of p using the data from Perry, not including fixed effects, and

find that for the combined cognitive measurements, and for three of the four types of tests

28Todd and Wolpin (2003) discuss how models in which skills depend on previous skills and contemporane-
ous investments implicitly assume the same decline of impacts for all inputs. By having formal education in
the previous period in the model, I am allowing for the decline of the impacts for early education programs
to be larger than for all other inputs.

29Some of the specifications in Cunha and Heckman (2008a) include fixed effects, which is an important
advantage over the specifications I could estimate.
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in the sample, I find estimates that cannot be statistically distinguished from 1.3° Third,
an alternative way of thinking about this assumption is that I am estimating a model in
differences rather than in levels, which is a common practice in econometrics. Fourth, the
main statistics I construct are period-by-period rather than asymptotic or aggregated across
several periods. Thus, in practice, there is little difference between a parameter that has
the value of 1 and a parameter that has a value close to 1 for my results. Fifth, as I show
in Section 1.4, the evidence suggests that depreciation of the general cognitive skills is not

relevant in practice. Thus, there should be no reason for the p parameter to be less than 1.3}

1.5.2 Identification of Parameters in the Perry and ETP Datasets

In Perry and ETP, F;; 1 = F;;_1F;: whenever children enter formal education, they stay
enrolled on it. This implies that these datasets will not allow to disentangle between some
of the important hypotheses in the literature.>> However, they will be useful on identifying
the timing of fadeout.

Given that Fj, Fj;_1 and [; are endogenous, I use the randomization to identify the
parameters of Equation (1.6). I will only be able to identify certain parameters, and in
certain periods of time. In my models and estimations using Perry and ETP I use differences

between the treatment and control groups, Equation (1.6) becomes:

AOy — NG,y = BtAEt + (1 + 6)AF; 1 + Q;tAIit' (1.7)

1.5.2.1 Parental Investments

Crowding out of parental investments has been discussed as a possible reason for the per-

ceived failure of early childhood education programs (Becker, 1991). However, it has not been

39The estimations for Perry are implemented using ages three to ten. In the ETP data, I estimate
separately because the spacing of the data is not homogeneous across measurements, and the estimates are
not very stable.

31Tf p is greater than one, my main results, showing a strong narrowing of the gap at school entry, would
be reinforced.

32This problem is solved using the IHDP dataset later in the paper.
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show to be relevant in practice, possibly because many early childhood education programs
also include parental-education components (Gelber and Isen, 2013).

Assuming that the randomization changes parental investments only through changes
in participation in the programs, which is not a particularly strong assumption, it is possible
to simplify Equation (1.7). In particular, I allow investments to depend on the participation
in the programs,

Ly = B Fy 4 €. (1.8)

But I assume that €, is not affected by the randomization (Al; = 3L AF;;). To save notation,

in the rest of the paper I use 8; = B, + ¢;3'. Then, we obtain:

A@t — A@t,l = 5tAEt + (Tt + 6t)AF1it,1. (19)

1.5.2.2 Parameters Identified

In Perry and ETP, participation in formal education and previous exposure to it are deter-
ministic functions of randomization and age, as there were no treatment substitutes at the
time.?3 Only children randomized into the program have access to formal education before
school entry, and all children have access to education after school entry: Fj;; = 0 before
the program starts; Fj; = R; during the program; and Fj;; = 1 after the program ends,
and all children are enrolled in school. This implies that depending on the period, some
of the parameters of the model could be directly estimated by Equation (1.9) in terms of
measurements.

Identification in the model depends on transitions in F} and F;_;. There are four types of
transitions in the data where the parameters of the models can be identified: (i) going from
a period where no child participates in formal education to a period when treated children

participate in formal education; (ii) going across two periods when only treated children par-

33The only exception is that in Perry some priority was given to working mothers who needed care for
their children. Following Heckman et al. (2010a), I solve this problem by conditioning on the pre-treatment
working status of mothers.

24



ticipate in formal education; (iii) going from a period when only treated children participate
in formal education to a period when both groups participate; and (iv) going across two
periods when both groups participate in formal education. Each of these transitions allows
us to identify different parameters from the models. Table 1.2 summarizes these transitions
for the case of the two-year-program cohorts in Perry and ETP. The one-year-program cases

are analogous.

Table 1.2: Transitions in the ETP and Perry Data and Associated Parameters

Formal Educ. | Previous Educ.
F, Ft Identified
Transition R=1 R=0 | R=1 R=0 Parameters
Baseline-1st yr. Preschool Yes No No No 51
1st-2nd yr. Preschool Yes No Yes No B2 + 0o + T2
2nd yr. Preschool-1st yr. School | Yes Yes Yes No 03 + 73
1st-2nd yr. School Yes Yes Yes Yes 0

In Appendix B, I discuss how these parameters can be identified under a Differential
Gains model and under a Depreciation model. In the Perry and ETP data, it is not pos-
sible to separate between those two models (or, more generally, between program-exit and

subsequent-schooling explanations).

1.5.3 Estimation in ETP and Perry

As shown in Section 1.3, if the measurements in two periods have the same slope parameter
(b™ in Equation (1.2)), a double difference in measurements across time and across treatment
groups will identify the double difference in skills up to the scalar b™. These double differences
in skills will identify the main parameters of the models in Perry and ETP.

Given that, the estimation of the parameters for ETP and Perry is reduced to estimating
double differences across time and across treatment groups in the measurements, controlling
for the necessary covariates, and clustering at the individual level when more than one
measurement is used per child. I estimate my main parameters of interest using a single

regression. Let A; = 1 if the observation is measured at month ¢ after randomization and
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Ay = 0 otherwise. Let X; be a vector of covariates. A regression of the measurements on
R;, Ay, their interactions, and X; will give the differences in means for each period. The
difference of those estimates between each period and the previous one are my parameters
of interest. The regression is clustered at the individual level to account for the fact that, in
some cases, I use more than one measurement per individual per period. Then, I can obtain

the simple differences for all periods using a regression for the following reduced form model:

-
M =mo+ Ao - Ri + Z{WtAt + mriAr - Ri} 4+ Xiox + i + i (1.10)

t=1

1.5.4 Identification in IHDP

[HDP allows me to disentangle the program-exit effect from the subsequent-schooling effect
because in the data FF? # Fj;. However, this also brings new challenges. I use three
periods in this dataset. Period 1 is ages one to three, when ITHDP randomly gave access to
toddler care to treated children. Period 2 is ages four to five. In this period, families decide
whether to send their children to preschool or not. In Period 3, all children attend school.
I use the fact that some families of children that attended IHDP decided not to send their
children to preschool in Period 2 to disentangle the effects.>* Whenever I refer to fadeout in
this section, it is fadeout of the gains from being randomized to IHDP in Period 1.

For children who do not participate in preschool, there will be no subsequent-schooling
effect. For that group, fadeout is a pure test of the program-exit effect. On the other hand,
children who participate in preschool should suffer fadeout from both effects. In Section 1.6,
I find no fadeout for the first group and complete fadeout for the second group, which I
interpret as evidence of differential gains from subsequent education being the major factor

in fadeout.

34In the second period I only consider attendance in a non-IHDP program as participating in center-based
care, because IHDP ended around age 3. Thus, children could attend only for a couple of months and still
report to be participating. If children attended both IHDP and a non-IHDP program, they are counted as
attending.
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This dataset has two characteristics that make it uniquely adequate to separate the
effects: (i) IHDP had a large impact in participation in formal education in Period 1 (89% of
the treated group attended a center-based program, compared to 28% for the control group);
and (ii) IHDP had no significant impact in participation in formal education in Period 2
(76% of the treatment group attended a center-based program, compared to 79% for the
control group). In fact, I cannot reject a t-test of identical means or a test of independence
between preschool attendance and IHDP treatment status (p-value 0.29 for both). Given the
relatively large size of the sample, I consider these tests as strong evidence that Fy, 1l R. 1
now discuss how to identify the key parameters in Equation (1.6) using these characteristics
of the dataset. I focus on the second period in IHDP, because it is the one that allows me

to separate the different effects.

Oio —0i1 = B2Fi2 + 0o F + o Fn Fio + ¢~2[z‘2 + a; + W + M2 (1.11)

Given the assumption that investments are only related to R through participation in
the programs (Equation (1.8)), it is possible to decompose E [I;5|R = 1, F» = 1] on the part
influenced by the randomization, 31 Fj, and an error that is independent from it, e.,. As
before, I consider the direct impact of participation on the programs and their indirect impact
through parental investments together, so 8; = 8; + ¢;3'. Additionally, as the error term is
independent from randomization, I define 0}, = a; + wy + Mo + €.

It is not possible to simply condition on values of F; and F; to estimate the parameters,
because the errors will likely be correlated with the participation decisions. In general,
independent exogenous variation in both variables would be needed for the estimation of the
whole model. Although I do not have exogenous variation for both F; and F3, I can still
estimate the key parameters by estimating the impacts of the IHDP randomization within

a status of preschool attendance. This is possible thanks to F, 1l R. I first identify the
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impact of the IHDP randomization conditional on preschool attendance. 1 take expectations

conditional on (R =1,F, =1),and on (R =0,F, = 1):

Eloy—6|R=1,F,=1] = [y—6AEF|R=1,F=1]+nE[F|R=1F=1]
+E s R=1,F, = 1]
Eloy—6|R=0,F,=1] = [y—6AE[FI|R=0,F=1]+nE[F|R=0,F=1]

+E [ |R =0, Fy = 1]

Given that nf, 1. R by assumption and that F, 1l R in practice, a single-crossing
model (or monotonicity assumption, as discussed in Vytlacil (2002)) is enough to remove R
from the conditioning set for the errors. Let n" be the unobservables determining distaste
for preschool in a family. In principle, I allow the decision of attending preschool to be
influenced by the randomization to IHDP. However, a unidirectional flow condition implies
that if no impact of R on F5 is observed in the data, then R does not change the composition

of the group self-selected into preschool. Let the decision of attending preschool be given by:
Fp=1[aR; >n]] (1.12)

Let C,r be the cumulative distribution function of n*'. Given that in practice E [Fjp|R = 1] =
E [F3|R = 0], we know that C,r (o) = C,r (0). Thus, o = 0 and the randomization does not
affect the decision of entering preschool in any way. The conditioning sets for both groups

will then be equivalent:
EnpR=1,F=1=E [nn >a] = E[naln| >0] =E@npR=0,FR=1]. (1.13)

From this result, and using both conditional expectations, I can construct:

E[elg —9i1|R: 1,F2 = 1] — E[QZQ —9i1|R: O,FQ = 1]
EF|R=1,F,=1-E[F|R=0,F, = 1]

= —0f1+ o2 (1.14)

28



Doing the analogous process for Fy = 0:

E[ng —Qll\R: 1,F2 - O] - E[@ZQ —(911]R: O,FQ — O]
E[F|R=1,F, =0 - E[F|R=0,F,=0]

= —68 (1.15)

The interpretation of Equation (1.15) is clearest: it is valid to compare the means of the
treated and control groups conditional on not attending preschool in Period 2, because of
the independence between the conditioning variable and the randomization. Given that, the
randomization provides exogenous variation in participation in formal education in Period 1.
In this group, there will only be fadeout if the program-exit hypotheses are true, as in this
group there is no subsequent-schooling impacts in Period 2 that could be different between
groups. The interpretation for Equation (1.14) is analogous, but both effects will be present.

Given that the skills are unobserved, to estimate the expressions above in practice, I
have to assume that the measurement errors in the test scores are independent not only
from R, as discussed in Section 1.3, but also from F5. This is a strong assumption, and the
discussion for R on that section applies to F5 too. I estimate the parameters for this model
using two-stages least squares regressions of the difference in scores between ages five and
three on the participation in formal education at ages zero to three, using the randomization

as the instrument and conditioning on the participation status at ages four to five.

1.6 Results

1.6.1 Results for Perry and ETP

Figures 1.4 and 1.5 present the main results for Perry and ETP. The x-axes show the months
after randomization for each group, which is what determines the timing of both the testing
and the preschool experience in both programs. The y-axes show impacts in terms of stan-

dard deviations of the scores at each age.®® Each chart presents two sets of results: first, the

35In the discussion I present the results in terms of the total fadeout, as discussed in Section 1.3
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continuous line represents the evolution of the gap between the control and the treatment
group. Second, the bars represent the difference between the gap in that period and the gap
in the previous one. Those bars show how the events in each period affect cognitive skills,
and show the main results in these figures. The thin lines around them are 90% confidence
intervals. Figures 1.4a and 1.4b are based on Perry data, and Figures 1.5a and 1.5b are based
on ETP data. Figures 1.4a and 1.5a are for cohorts that had two years of program, while
Figures 1.4b and 1.5b are for cohorts that had just one year. Figure 1.4a is the most reliable
statistically, as it is constructed from 2,574 observations for 95 individuals, while Figure 1.4b

is the less reliable, as it is constructed from 660 observations for 28 individuals.3¢

36Figure 1.5a is constructed from 908 observations from 43 individuals and Figure 1.5b is constructed from
850 observations from 43 individuals
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Figure 1.4: Differences in Differences in Perry
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Note: The Y-axis represents the impacts in terms of standard deviations. The X-Axis represents months
after randomization. Asymptotic confidence intervals calculated at 90% level. This chart uses Standardized
Scores, which are constructed by substracting the mean for a representative sample of the age of the child to
her raw score, and then dividing by the standard deviation for a representative sample for that age. Perry
used the Third Edition of the Stanford-Binet Test. Children in Perry take a baseline measurement at 36
months, are tested after the first year of preschool at 48 months, are tested after the second year of preschool
at 60 months, are tested after the first year of school at 72 months and up to age 12.

31



Figure 1.5: Differences in Differences in ETP
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Note: The Y-axis represents impacts in terms of standard deviations. The X-Axis represents months after
randomization. Asymptotic confidence intervals calculated at 90% level. This chart uses Standardized
Scores, which are constructed by substracting the mean for a representative sample of the age of the child
to her raw score, and then dividing by the standard deviation for a representative sample for that age. ETP
used the Third Edition of Stanford-Binet Test. Treated children in ETP take a baseline measurement at 46
months, are tested after the first summer school at 49 months, receive home visits during the second year,
are tested before the second summer school at 58 months, then after it at 61 months, then they receive home
visits during an additional year, and they are tested after the third summer school at 73 months, when they
enter school. They are tested after the first year of school at 85 months, then they are tested again at 95 and
121 months. Control children experience the same testing schedule but no summer schools or home visits.
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1.6.1.1 General Patterns of Impacts

1. The thin continuous lines show that the total gap between the treatment and the control
group starts right after randomization, increases at the beginning of the program, is
usually stable after the first year of the program, and then goes down strongly in the
first year of school. After that, there might be a small difference left between the

groups that might stay or disappear in the last observed periods.

2. Blue bars as early as 2-3 months into the programs show that they have significant
initial impacts on scores. These impacts are remarkably strong: its magnitudes are,
on average, equivalent to 63% of the total magnitude of the fadeout. These strong
impacts suggest that, if schools are not completely different to preschools, it might
be relatively easy for schools to make children catch up in the magnitude needed to

observe the fadeout phenomenon.

3. The blue bars at 12-15 months show additional impacts of the first year of preschool.
The magnitudes of the total impacts of the first year of preschool (1) are roughly as

large as the magnitudes of the complete fadeout pheonomenon in each program.

4. The lack of significant blue bars in the second year of program shows that additional

37 This is a key finding

exposure to preschool has no significant impacts on scores.
because it implies that, assuming that 5 = [, 7o + d5 is very negative, even during
the programs. The interpretation of these parameters might not be obvious, as treated
children are still in the program, and control children are not participating in formal
education yet. In the case of the program-exit hypohteses, the only one that could

explain this is that there is full depreciation of gains in each period, regardless of

the quality of the educational environment.?® In the case of the subsequent-schooling

3TThere is even a decline for 2-years group in ETP after the end of the first two Summer Schools. However,
it is not significant and not replicated in the 1-year group.

38There is strong qualitative and quantitative evidence that the quality of the education environment in
Perry was high (Kuperman, 2014; Heckman et al., 2010a).
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Table 1.3: Estimates for Perry

Months Treatment Difference in Treatment Difference in
Since Effect 1 Differences Effect Differences

Random  Cohort 1 SE Cohort 1 SE Cohort 2 SE Cohort 2 SE
0 0.17 0.10* 0.38 0.22%*
2 0.44 0.15%* 0.27 0.12%* 0.79 0.33** 0.41 0.29
12 1.23 0.18** 0.79 0.15%* 0.74 0.24** -0.05 0.28
24 1.14 0.17*%* -0.09 0.14 0.24 0.24 -0.50 0.18**
36 0.43 0.16** -0.71 0.11%* 0.26 0.25 0.02 0.17
48 0.42 0.16** -0.01 0.09 0.27 0.23 0.01 0.14
60 0.27 0.16* -0.14 0.10 0.18 0.22 -0.08 0.12
72 0.35 0.17 0.08 0.10 -0.13 0.27 -0.31 0.15

Notes: this table shows estimates for experimental groups 1 (2 years of program) and 2 (1 year of
: significant at 5%. *:significant at 10%. Standard errors are asymptotic. All ages are in

program).

months since randomization.

Table 1.4: Estimates for ETP

Months Treatment Difference in Treatment Difference in
Since Effect 1 Differences Effect Differences

Random  Cohort 1 SE Cohort 1 SE Cohort 2 SE Cohort 2 SE
0 0.06 0.29 0.16 0.28
3 0.63 0.31%* 0.58 0.19** -0.12 0.34 -0.27 0.21
12 0.45 0.29 -0.18 0.23 0.19 0.30 0.31 0.23
15 0.77 0.25%* 0.31 0.17* 0.94 0.26** 0.75 0.16**
24 0.62 0.29** -0.14 0.16 0.94 0.30** -0.00 0.16
27 0.90 0.31%* 0.27 0.17 1.04 0.33%* 0.10 0.16
38 0.32 0.28 -0.58 0.18** 0.52 0.29* -0.52 0.14**
49 0.13 0.28 -0.19 0.14 0.37 0.29 -0.15 0.14
75 0.14 0.29 0.02 0.15 0.33 0.28 -0.04 0.14

Notes: this table shows estimates for experimental groups 1 (2 years of program) and 2 (1 year of

program). **:significant at 5%. *:significant at 10%. Standard errors are asymptotic. All ages are in
months since randomization.
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hypohteses, this would imply that there are little or no skills of formal education on
test scores for the treated group after the first exposure to formal education. A simple
explanation for this would be the presence of large diminishing returns to education on
the production of test scores. This is the most robust explanation I find in this paper,
especially given the evidence that program-exit effects are irrelevant, which I present

in Section 1.6.2.

. In all four charts, there are large negative bars in the school entry year. These bars
show that the relevant moment for fadeout is right at school entry. The magnitude of
the negative impacts in the first year of school are comparable to the magnitudes of
the total positive impacts in the first year of the programs on the treated subjects and
account for 83-99% of the fadeout. As discussed before, it is not possible to separate

the program-exit effects from the subsequent-education effects using these datasets.

. Except for one case, there are no significant impacts throughout all the years after

school entry.

The results are clear and consistent across the four groups. This speaks to the robustness

of the results considering that, across the four graphs, there is variation in (i) the program

studied; (ii) the number of years of treatment; and (iii) the ages of the children when entering

school (5-6 in the case of Perry and 6-7 in the case of ETP). In Appendix J I explore the

robustnes of these estimates to different types of tests and transformations of them. In most

cases, the results are very similar. There are a few exceptions when using the small sample

of the Perry group that only had one year of intervention (28 individuals).

1.6.2 Results for IHDP

As discussed in Section 1.5, it is possible to identify the program-exit effect from Equa-

tion (1.15) and the program-exit effect and the subsequent-schooling effects together from

Equation (1.14). In this section, I show empirical estimates of those magnitudes.
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I start by showing difference-in-difference estimates. First, in Figure 1.6a, I present the
trend for the treatment group and the control group conditional on not having attended
preschool after the end of IHDP. The change in the gap from ages 36 to 60 months (from the
age THDP ended to right before children enter schools) is free of the subsequent-schooling
effect. The change in the gap for this group represents the numerator of Equation (1.15). It
is the program-exit effect, scaled down because of the imperfect compliance into IHDP. Given
how close this estimate is to zero, the imperfect compliance will be irrelevant in practice.’

Then, in Figure 1.6b, I present the trend for the treatment and the control group con-
ditional on having attended preschool after the end of IHDP. The change in the gap from
ages 36 to 60 months includes the program-exit effect and the subsequent-schooling effect.*’
The change in the gap for this group represents the numerator of Equation (1.14). It is the
sum of both effects, scaled down because of the imperfect compliance into IHDP.

These statistics are easily interpretable, and give the same qualitative conclusions as the
estimates corrected by imperfect compliance, which I present in Table 1.5. In that table we
can see that for children that do not participate in formal education at ages four to five,
having participated on formal education at ages 0 to 3 (second column) has no significant
impact. The estimated impact is negative, as expected by program exit, but the magnitude
is small. On the other hand, for children that participated in formal education, the impact
of having participated in formal education is very strong and negative. As these estimates
are in terms of standard deviations, we can see that the magnitude of the negative impact
is roughly equivalent to the impacts of Perry and ETP at school entry, which further shows
the robustness of these findings.

The results in IHDP allow me to separate the different models. There is no support in the
data for the program-exit effect to be of a relevant magnitude in the two-years period covered

by these estimates. Generalizing this result requires to assume that the fadeout before school

39The difference in participation between the treatment and the control group is around 70%, so the real
estimate should be 1.42 times larger.
40In that sense, these estimates are comparable to the ones in figures 1.4 and 1.5 in Perry and ETP
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Table 1.5: Estimates in IHDP

Participation in Formal Education
at Ages Four and Five

Outcome: PPVT Std. Five - PPVT Std. Age Three | Participate | Do Not Participate
Participation in Formal Education, Ages 0 to 3 -0.76%* -0.21
(-4.11) (-0.94)
Constant 0.26%* -0.48%**
(2.23) (-3.77)

Note: these estimates are obtained from two-stages least squares regessions of the growth in the
standardized score of the PPVT test on participation in formal education at age zero to three, using the
randomization into IHDP as the instrument. Each of the estimations conditions on a different status of

participation in formal education at ages four to five, as appears in the head of the two columns. The
numers in parentheses are t-statistics. ** Significance at 1% level.

entry has similar characteristics as the fadout in schools. If that is correct, my estimates are

strong evidence toward discarding program exit as being the driver of the fast convergence

between the treatment and the control children in early childhood education programs. The

fadeout observed in Figure 1.6b seems to be a consequence solely of differential gains from

subsequent schooling. The interpretation for these results can be considered causal, given

the independence between the randomization and the attendance of preschool in the second

period.
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Figure 1.6: Differences in Differences in IHDP
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Note: The Y-axis represents the impacts in terms of standard deviations. The X-Axis represents months
after randomization. Asymptotic confidence intervals calculated at 90% level. This chart uses Standardized
Scores, which are constructed by substracting the mean for a representative sample of the age of the child

to her raw score, and then dividing by the standard deviation for a representative sample for that age.
There is no measurement at 0 months of randomization, so the marker is not based on real data and
intended to be used only as a reference.
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1.7 Conclusions

In this paper I describe the fadeout of the impacts on cognitive skills of three early childhood
education programs. I interpret the results by contrasting between program-exit hypotheses
and subsequent-education hypotheses. Multiple pieces of evidence help to assess the empir-
ical support of the diffferent hypotheses. First, the change in skills is almost always positive
across time for all individuals. Depreciation would imply negative impacts, but we cannot
discard that age effects mask those impacts. Second, the skills of control children strongly
catch-up with respect to the average US children at school entry. Given that there are no
clear reasons for the average US children to have negative program-exit effects, this suggests
that fadeout is related to a positive impact in the control group. Third, the impacts of the
programs are concentrated in the first year, and even in the first months, after preschool
entry. This suggests that the large gap between the treatment and the control group is based
on relatively easily trainable skills. Those skills can be gained by the control group at school
entry. Fourth, there are no impacts from the second year of the programs. This helps dis-
carding the low quality of the subsequent environments as the cause for depreciation. Fifth,
83-99% of the observed fadeout can be explained by the impacts in the year of school entry.
This narrows down the possible explanations for fadeout and implies that the program-exit
effect would have to be complete between consecutive years to fit the data. Finally, I use
the ITHDP dataset to separate the two models. I find that the role of the program-exit ef-
fect in fadeout is very small or zero. The findings in this paper are consistent: fadeout is
not a consequence of the poor quality of subsequent schooling. The bulk of the fadeout is
explained by school entry having a much more positive impact in the control group than in
the treatment group.

There are at least two mechanisms that could explain differential gains from subsequent
schooling. First, it is possible that compensating efforts from teachers help the most dis-

advantaged children catch-up, at the expense of more school-ready children. If this is true,
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treated children would receive less investments than control children. Second, it is possible
that the production function of tests scores has diminishing returns to educational invest-
ments, at least in the short run. Thus, even in absence of compensatory efforts, additional
years in school will give smaller boosts to the test scores of children. The data provides one
main hint about these two possibilities: The lack of additional impacts after the first year of
the programs cannot be explained by the compensatory efforts explanation. However, the
presence of diminishing returns is a natural explanation to this pattern that also fits well
with the very large impacts of the first months of preschool.

My results are evidence for investments being dynamic substitutes at early ages. Heck-
man and Mosso (2014a) present a theoretical framework for dynamic complementarity and
argue that the evidence is consistent with investments and endowments being direct substi-
tutes at early ages, which implies that investments up to those ages are dynamic substitutes,
as I find in this paper. Elango et al. (2015) discuss the evidence on early childhood education,
finding a clear pattern of stronger impacts on most disadvantaged children.

Fadeout implies that the strong gains in cognitive skills from early childhood education
programs do not give children a permanent advantage. There are at least four caveats
to this statement. First, long-term exposure to stimulating environments could modify
cognitive skills permanently, as research on the Flynn effect suggests (Trahan et al., 2014).
These impacts are more subtle than the massive short-term impacts on test scores from
the programs I study. Second, it could be possible to permanently modify the type of
cognitive skills that tests measure with programs that start earlier in life (Campbell et al.,
2002; Duncan and Sojourner, 2013a). Third, early childhood education programs could
permanently increase other forms of cognitive skills that are not measured by the available
tests (for example, the ability to come up with good answers to problems without a unique,
closed solution). Fourth, there are other abilities that are improved by these programs that
are valuable and mediate later gains in adult outcomes (Heckman et al., 2013a).

My findings warn against the use of short-term tests as a unique metric to evaluate

40



social programs. In particular, rapid increases in test scores could only be a signal of easily
trainable skills that can be obtained later in life. The body of evidence in long-term impacts
of early childhood education programs is still too narrow to reliably estimate a relationship
between initial gains in scores and benefits in adult outcomes. For the same reason, the
value of the initial increase is questionable in first place. Devoting efforts on sustaining the
advantage on these skills could not be the right approach. There are advantages in other
dimensions that might be more valuable than the massive, but short-lasting gains in test
scores. Lerning how to measure those skills could give us a better early proxy of the real

gains from early childhood education.
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Chapter 2

Analyzing the Short- and Long-term
Effects of Early Childhood Education
on Multiple Dimensions of Human

Development

This chapter is coauthored with Jorge Luis Garcia, James J. Heckman, Duncan Ermini Leaf, Maria José

Prados, Joshua Shea, and Jake C. Torcasso.
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2.1 Introduction

There is a growing interest in early childhood education as a means for promoting social
mobility.! Overall state-spending on such programs increased by 12 percent in 2015. The
proposed federal budget for 2017 includes a $300 million increase in spending on early child-

hood education.?

Despite the growing emphasis on early childhood education in public policy, comprehensive
and methodologically rigorous evidence on its economic benefits is still scarce. Many recent
studies: (i) focus on a limited set of outcomes that fail to capture a comprehensive array of
program effects;? (ii) are based on data from follow-ups that are short-term in nature; (iii) do
not correct for program attrition or for non-compliance to assigned treatment, threatening
the policy-relevance of their estimates;* or (iv) are based on randomized controlled trials

with flawed designs.’

Current justification for the long-term effectiveness and the efficiency of early childhood

!Bajaj and Labaton (2009); The White House (2014a,b).

2U.S. Office of Management and Budget (2015); Parker et al. (2016); Smith (2016).

3 An extreme example is the evaluation of preschool programs using an age-eligibility cutoff. A battery of
studies compare children who were just eligible and just ineligible for preschool. They therefore only assess
the gains of an additional, earlier year of preschool. This does not represent a comprehensive evaluation
approach; it evaluates a specific set of children for a very narrow set of tests and within a time horizon of
a single year of treatment. Examples of these studies include: Gormley and Gayer (2005); Gormley et al.
(2005); Weiland and Yoshikawa (2013).

4Consider the evaluation of Head Start through its randomized controlled trial, the Head Start Impact
Study (Puma et al., 2012). Comparing subjects in the treatment and the control groups usually yields
relatively low gains. This attenuation happens because a substantial proportion of subjects randomized out
of the program were enrolled into preschool alternatives, some of being other Head Start centers. Thus, a raw
comparison between the treatment- and the control-group subjects does not inform on either the efficiency or
the effectiveness of Head Start per se. Studies providing a methodology to account for substitution find that
Head Start has substantial effects, although they focus on a single, short-term outcome (Kline and Walters,
2015; Feller et al., 2016).

5An evaluation of the Tennessee Voluntary Prekindergarten is an example (Lipsey et al., 2013, 2015).
The researchers designed a randomized controlled trial to evaluate the program. Unfortunately, they asked
permission to assess the children after the randomization protocol. Thus, their main evaluation is based
on information for children whose parents agreed for them to be evaluated post randomization, inducing a
potential imbalance between the children randomized into and out of the program. The evaluation does not
account for that. Further, results for this evaluation represent a narrow set of short-term outcomes.
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education in the U.S. is largely based on evidence from the Perry Preschool Program (re-
ferred to simply as Perry). Analyses of Perry suggest that early childhood education has
significant positive effects on multiple short- and long-term socio-economic outcomes, even
when accounting for compromised randomization, small-sample-size inference, and multiple
hypothesis testing (Heckman et al., 2010c). The analyses also show that early childhood

education could have an annual internal rate of return that ranges from 7 to 10 percent.b

One of the criticisms of the empirical evidence favoring the economic case for early childhood
education is the lack of an extensive evidence base. In response, we analyze both short- and
long-term effects of early childhood education on multiple dimensions of human development
using data from two randomized controlled trials, the Carolina Abecedarian Project (ABC)
and the Carolina Approach to Responsive Education (CARE)—we complement this data

with several non-experimental, nationally representative sources.

ABC and CARE were programs implemented in the 1970s and early 1980s. We observe
short- and long-term outcomes for the subjects. The programs were separated into two
phases. In the first phase, both programs randomly assigned subjects to high-quality center-
based childcare from ages 0 to 5. In addition, the subjects who were assigned to center-based
childcare in CARE also received home visits that aimed to foster the relationship between
the subjects and their parents. Furthermore, CARE incorporated a second treatment group
that received home visits without center-based childcare from ages 0 to 5. The second phase
of treatment, from ages 5 to 8, consisted of home visits that aimed to continue promoting
childhood development. In ABC, the second-phase treatment was randomly assigned inde-
pendently of the first-phase randomization. In CARE, the second-phase was not randomized;

subjects initially randomized to either of the treatment groups maintained their assignment.”

6That is, if one dollar were to be invested at age 4, and then reinvested annually and compounded over a
lifetime, the return would accrue to 60 to 300 dollars by age 65. This accounts for both the program’s cost
and the social burden a government would cause by raising taxes to pay for it (Heckman et al., 2010d).

“Our main evidence is based on the first-phase component that the two programs share: high-quality
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The experimental data from ABC and CARE include measures of cognitive and socio-
emotional skills, educational and labor market outcomes, administrative criminal records,
and a full medical examination when subjects reached their mid-30s. Data from administra-
tive criminal records and from the full medical panel are novel to the literature evaluating
early childhood education programs. The non-experimental, nationally representative data
include sources to forecast life-cycle gains in public-transfer and labor income, health, and
crime. Examples of these sources include: the Medical Expenditure Panel Survey (MEPS),
the Medicare Current Beneficiary Survey (MCBS), and the Uniform Crime Reporting Statis-
tics (UCRS).

Our ultimate goal is to provide a cost-benefit analysis of early childhood education pro-
grams. To construct this, we proceed in three steps. In the first step, we begin by defining
the treatment-effect parameters while we estimate and state how they link to different policy
questions. Our methodology accounts for different forms of attrition and non-compliance.
Specifically, it considers that the parents of roughly 70% of the children randomized out of
center-based childcare enrolled their children in relatively high-quality preschool alternatives.

We refer to this phenomenon as control substitution.®

In the second and intermediate step, we provide treatment-effect estimates for a wide vari-
ety of outcomes. In doing so, a challenge arises: multiple hypothesis testing. We account
for this in a standard way (Lehmann and Romano, 2005; Romano and Shaikh, 2006) while
noting that it is often the case that arbitrary blocks need to be formed in order to adjust the

inference using the step-down procedure. We propose and formalize an alternative: count

center-based childcare.

8Control substitution was not an issue in Perry. Informal conversations with Perry’s staff indicate that
there were no alternative preschools in the area in which subjects were treated during that time—Ypsilanti,
Michigan during the 1960s. This issue is more pressing when evaluating recent programs. Examples include
both ABC and Head Start—see (Puma et al., 2012) for a documentation of treatment substitution in the
Head Start Impact Study.

45



the positive (and significant) treatment effects across the outcomes we consider. This crude
summary highlights which outcome categories have the most effects, and therefore are rele-

vant to the cost-benefit analysis, which then weighs the relative importance of each outcome.

Finally, to conduct the cost-benefit analysis, we combine the experimental and non-experimental
sources of data to forecast and monetize parental income, transfer income, labor income,
education, health, and crime outcomes over the life-cycle to provide estimates of the benefit-
to-cost ratio and the internal rate of return of early childhood education. Because these
statistics summarize the effectiveness of a program accounting for all its components in a
single statistic (and a single inference test), they provide a comprehensive solution for the

challenge of performing multiple hypothesis testing.

ABC’s and CARE’s center-based childcare from ages 0 to 5 as implemented, had substantial
treatment effects on a comprehensive set of measures of human development from childhood
through adulthood. For females, 78% of the outcomes we study have a positive average treat-
ment effect; 31% of the outcomes we study have a positive and significant average treatment
effect, at the 10% level. For males, the analogous figures are 78% and 29%.° The effects
strengthen when accounting for control substitution by the families of the subjects who were

randomized out of the main treatment the programs offered.

This paper extends the work of Campbell et al. (2014), who analyze the effectiveness of ABC
at improving long-term health outcomes. We extend the analysis by (i) assessing multiple
measures of human development; (ii) accounting for control substitution; and (iii) providing
an alternative to test multiple hypotheses.!® Furthermore, we complement the analysis by

studying ABC together with CARE.

9These results account for program attrition.

10Campbell et al. (2012) also precede our work. The authors estimate treatment effects on adulthood
outcomes in ABC. Unlike our approach, the authors do not assess outcomes such as health status, criminal
behavior, and socio-emotional skills.
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The cost-benefit analysis of ABC and CARE provide composite measures of the program’s
efficiency that weigh these treatment effects according to their cost to society. The pooled
benefit-to-cost ratio, 4.35 (s.e. 2.57), and internal rate of return 13% (s.e. 11%), indicate
that ABC and CARE are an efficient program when considering the life-cycle trajectories of

the subjects.

Two previous related pieces of work provide a cost-benefit analysis of ABC (Masse and Bar-
nett, 2002; Barnett and Masse, 2007). Their analysis is limited to outcomes up to age 21,
before any of the labor income, crime, and health benefits of the program arise according to
our findings. It does not provide standard errors or an analysis of the estimates’ sensitivity
to different modeling assumptions. Kline and Walters (2015) provide a back-of-the-envelope
cost-benefit analysis of Head Start using the Head Start Impact Study. They do not analyze

the life-cycle benefits and costs of early childhood education.!!

The paper proceeds as follows. Section 2.2 provides an overview of each program. It includes
a description of the eligibility criteria and the populations served, a characterization of the
randomization protocol and control substitution, a comprehensive summary of the treatment,
and a description of the data sources. Section 2.3 formalizes our methodology by discussing
how we correct for compromised randomization and control substitution, how we test for
treatment effects across multiple outcomes, and how we forecast outcomes across the life
cycle. Section 2.4 presents our main results. Section 2.5 concludes. An extensive appendix
presents a thorough description of the program and its costs, the data, and details on how

we monetize the life-cycle outcomes. It also discusses various alternative methodologies to

1We present our own back-of-the-envelope cost-benefit analysis in Appendix R. It is in the same spirit
to that of Kline and Walters (2015). It considers only the gains on labor income implied by the gain in
kindergarten IQ proposed by Chetty et al. (2011). For simplicity, we restrict this analysis to ABC and find
that the benefit-to-cost ratio is 0.47. This reinforces the idea that a comprehensive evaluation of the costs
and benefits needs to consider multiple dimensions of human capital, and not only the labor income gains
implied by short-term 1Q.
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evaluate the programs, and documents the results we present to a further extent.

2.2 Background and Data Sources'?

2.2.1 Overview

The Carolina Abecedarian Project (ABC) and the Carolina Approach to Responsive Educa-
tion (CARE) programs were designed and implemented by researchers at the Frank Porter
Graham Center (FPGC) of the University of North Carolina in Chapel Hill. The programs

targeted disadvantaged children from the semi-rural communities in the surrounding area.

ABC recruited four cohorts of children born between 1972 and 1977. CARE recruited two
cohorts of children, one born in 1978 and one in 1979. The recruitment process for each study
was identical. Potential families were referred to researchers by local social service agencies
and hospitals at the beginning of the mother’s last trimester of pregnancy. Eligibility was

determined by a score of 11 or above on a High-risk Index (HRI).!?

To better characterize the socio-economic status of the families participating in ABC and
CARE, we construct two comparison groups using the Panel Study of Income Dynamics
(PSID), a nationally representative cohort of children born in the same years as the ABC
and CARE subjects (1972-1979), and a similar cohort restricted to black children. We show
a comparison in Figure 2.1. Comparing the two nationally representative groups, ABC sub-
jects were were born to younger, less educated mothers, most of whom were raising their
children without the support of a father. The CARE subjects were similarly disadvantaged

compared to nationally representative groups with respect to these basic household demo-

12This section of the paper is based on joint work with Sylvi Kuperman. We expand it in Appendix A
and Appendix I.

13Examples of variables in the HRI are maternal education and father’s stability at work. See Appendix A
for details on the construction of the HRI.
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graphic characteristics.

Figure 2.1: Family Environment Baseline Characteristics, ABC and CARE
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Note: These panels plot mother’s age, mother’s education, and an indicator of the father’s presence at home.
In each panel, the first bar shows the national-level for a cohort born in the same years as the ABC and
CARE subjects (1972-1979), obtained from the Panel Study of Income Dynamics (PSID). The second bar
uses this same information restricted to black individuals. The third and fourth bars plot the same variables
for ABC and CARE, pooling the treatment and control groups.

The design and implementation of both programs were similar. Both studies had a small
sample size. ABC recruited 122 subjects over four cohorts, while CARE recruited 67 sub-

jects over two cohorts. ABC had two phases, the first of which lasted from birth until age
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5. In this phase, children were randomly assigned to either treatment or control groups.
The treatment group received: (i) center-based childcare; (ii) breakfast, lunch, an afternoon
snack, iron-fortified formula for the first 15 months of life, and diapers until age 3; and (iii)
medical care from licensed nurses who were supervised by a pediatrician, frequent health
check-ups, and hospital referrals when serious medical treatment was needed. In contrast,
the control group only received iron-fortified formula for the first 15 months and diapers until
age 3. In the second phase of treatment, at the age of 5, the 95 subjects still in the study
were randomly assigned again to treatment or control groups, independently of their status
in the prior randomization. This second-phase treatment consisted of home visits targeting

both children and parents and lasted until age 8.

CARE also had two treatment phases, though subjects were randomized only once. While
the two programs had essentially identical second phases, the first phase of CARE dif-
fered from the first phase of ABC by its inclusion of a family education component. This
component was designed to study the effects of improving the home environment on child
development.'* The first treatment phase of CARE lasted from birth until age 5. Children
were randomly assigned to one of three experimental groups: control (23 children), family
education (27 children), and both family education and center-based childcare (17 children).
As in ABC, the control group received iron-fortified formula from birth to 15 months and
diapers to age 3. The family education group received home visits that aimed to help parents
solve common problems related to childrearing. Both treatment groups received the second
phase of treatment from ages 5 to 8. The ABC and CARE programs shared many objectives

and program characteristics, as summarized in Table 2.1.

The aim of this project is to evaluate early childhood education using information from both

ABC and CARE. To that end, we restrict our attention to the treatment group of CARE

Wasik et al. (1990).
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offering the most similar programmatic content as offered to the treatment group of ABC,
the center-based childcare and family education treatment group. Henceforth, we refer to
this as the treatment group in CARE and do not make use of the information of the family

education treatment group. For a similar reason, our main objective is to analyze the first

phase of the treatment ABC and CARE offered.!®

In both programs, from birth until the age of 8, data were collected annually on cognitive
and socio-emotional skills, home environment, family structure, and family economic char-
acteristics. After age 8, the collection of data was less frequent. Information on cognitive
and socio-emotional skills, education, and family economic characteristics was collected at
ages 12, 15, 21, and 30.!% In addition, we have data that are novel to the literature eval-
uating early childhood education programs: long-term measures of socio-emotional skills,
and administrative criminal records and a full medical panel at age 34. This allows us to
study the long-term effects of the programs along multiple dimensions of human develop-
ment. Table 2.2 and Table 2.3 summarize the available data. The data collection process

was analogous in both programs.'”

2.2.2 Randomization Protocol and Compromises

2.2.21 ABC

Both the first and second phases of randomization were conducted at the family level, so

pairs of siblings and twins were jointly randomized into either treatment or control groups.!®

15Separate analysis of CARE comparing the different treatment groups and comparing the family education
treatment and the control groups indicate that the the family education group had very little effects across
all the measures we consider. Similarly, when exploiting random assignment to second-phase treatment in
ABC, we find that the second phase of treatment in ABC had little effects.

16 At age 30, measures of cognitive skills are unavailable for both ABC and CARE.

"In Appendix A.3, we document the balance in observed baseline characteristics across the treatment
and control groups, once we drop the individuals for whom we have crime or health information, for which
there is substantial attrition. Further, the methodology we propose addresses missing information in either
of these two outcome categories.

18Gibling pairs occurred when the two siblings were close enough in age such that both of them were
eligible for the program.
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Although we know that pairing was based on HRI, maternal I1(Q), maternal education, mater-
nal age, and gender of the subject, we do not know the original pairs. The study collected
an initial sample of 122 subjects. 22 subjects did not complete the first-phase of treatment
as initially assigned by the randomization. We characterize each of the cases in Appendix E
and document that our estimations show little sensitivity when accounting for them. We

explain how we account for these cases in Section 2.3.1

2.2.2.2 CARE

The randomization protocol in CARE had no major compromises.?’ Of the 65 initial fami-
lies, 23 were randomized to control, 25 to the family education treatment group, and 17 to
the family education and center-based childcare treatment group. Two families in the family
education treatment group had twins who were jointly randomized, as in ABC. There were
four cases of program attrition.?! For methodological purposes, we consider these subjects
analogous to their corresponding cases in ABC. We do not present exercises to evaluate the
sensitivity to non-compliance because there was none in CARE. Figure A.4 in Appendix A
illustrates CARE’s randomization protocol and the presence of subjects throughout the

follow-ups.

2.2.3 Control Substitution

In both programs, many subjects without access to center-based childcare through random

assignment attended alternative preschools. In this section, we characterize the types of

19Tn Appendix B, we compare the observed, baseline characteristics of the subjects in Table A.1 to the
observed, baseline characteristics of the subjects who complied to the initial treatment assignment. We find
little evidence of differences.

20Wasik et al. (1990); Burchinal et al. (1997).

21Tn Appendix B, we compare the observed, baseline characteristics of the subjects in Table A.2 to the
observed, baseline characteristics of the subjects who complied to the initial treatment assignment. We find
little evidence of differences.
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care received by the treatment group. We propose a methodology to answer policy-relevant

questions in Section 2.3.

Figure 2.2: Control Substitution, ABC

Cumulative Density Function
(6]
|

0 2 4 .6 .8 1
Proportion of Months in Preschool from Ages 0 to 5

Note: This figure displays the cumulative density function of enrollment in alternative preschools of the
control group in ABC.

In ABC, 75% of control-group subjects were enrolled in one of 11 local center-based childcare
centers (see Figure 2.2). Most of these centers received federal subsidies and were therefore
regulated by the Federal Interagency Day Care Requirements. Their staff members were
required to be trained in early childhood education, and the centers were required to im-
plement approved curricula designed to enhance cognitive, social, and linguistic competence
in disadvantaged children. They had to comply to stringent staff-child ratios.?? In CARE,

74% of the control group and 63% of the family education group were enrolled in alternative

22Burchinal et al. (1989).
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preschools by their parents (see Figure 2.3). Parents in both of these groups had as options
a similar set of local center-based childcare centers as the ABC children in the control group.

We document this more thoroughly in Appendix A.

Figure 2.3: Control Substitution, CARE

Cumulative Density Function

0 2 4 .6 .8 1
Proportion of Months in Alternative Preschools from Ages 0 to 5, Control Group

e ABC mmmms CARE
No Alternative Preschool in ABC (CARE): Females; Males

Note: This figure displays the cumulative density function of enrollment in alternative preschools of the
control and family education treatment groups in CARE.

2.2.4 Program Costs

The costs of the programs are a fundamental cfinput to our calculations of the benefit-to-cost
ratio and the internal rate of return. We improve on previous estimates of the costs by using
primary-source documentation—progress reports written by the principal investigators and
related documentation we recovered in the archives of the research center where the program

was implemented. We display these sources in Appendix I.
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Table 2.4 breaks down the costs by different categories and items for a year of treatment. We
obtain the personnel wages from the primary sources we show in Appendix I and include the
type of personnel based on conversations with the programs’ staff. Our sources display the
actual wages without accounting for fringe benefits. We add 15% to the wages to account
for fringe benefits. The costs we label as “other” account for nutrition and services that the
subjects received when they were sick, diapers during the first 15 months of their lives, and
transportation to the center.?®> The costs are based on sources describing ABC treatment for
52 children. We use the same costs estimates for CARE, for which information is scarcer.

We have no reasons to expect sizable differences in the costs of the two programs.?*

Table 2.4: Yearly Program Costs, ABC and CARE

Item Yearly Cost in 2014 USD

1 Program Director 60, 935
1 Social Worker 35, 869
3 Lead Teachers and 2 Teachers Aides (Nursery) 204, 457
4 Lead Teachers and 4 Teacher Aides (Toddlers) 305,181
2 Teaching Support Staff 53,341
1 Secretary 32,973
1 Clerk 32,537
Workers’ Fringe Benefits 124,935
Other 4,891

Total 962, 726
Total per Subject 18,514

Sources: See Appendix 1.

Note: This table summarizes the yearly costs for ABC and CARE. They are
based on primary-source documentation describing ABC. We assume that the
costs for ABC and CARE were the same based on conversations with programs’
staff Kuperman and Cheng (2014); Kuperman (2015).

We intend to report the cost of replicating ABC. The costs exclude research-related or

23The control children also received diapers during approximately 15 months, and iron-fortified formula.
We assume that this generated a cost of half that amounts to half of “other” category for the first 15 months
of their lives.

24CARE’s treatment group that is relevant to our calculations, the center-based childcare and family
education treatment group, received an additional service if compared to the treatment group in ABC:
family education. The primary sources that we use indicate that this resulted in no additional cost. The
staff implementing the center-based childcare treatment implemented the home visits without receiving an
additional payment for doing so. We assume that any transportation costs to the children’s home were
minimal.
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policy-analyses expenses. Our calculation amounts to $295,239 (1979 USD). Notably, a
completely independent calculation reported in Frank Porter Graham Child Development
Center (1979) indicates that the yearly cost of the program was $275,475 (1979 USD).
Although the calculations might have been based on the same primary sources, Frank Porter

Graham Child Development Center (1979) does not provide a break down of the costs.

2.2.5 Non-experimental Data Sources

Our cost-benefit analysis requires (i) interpolation of components we do not observe due to
intermittent data collection; and (ii) extrapolation or forecasting of components we do not
observe because the follow-ups stop when the subjects were in their mid-30s. We use multiple
sources of non-experimental data representative on the national or state level to construct
these interpolations and extrapolations. Table 2.5 details the components for which we do

these exercises and the sources we use. Section 2.3 explains our methodology for doing so.

Table 2.5: Auxiliary Data Sources for Interpolation and Extrapolation of Life-Cycle Benefits
and Costs, ABC and CARE

Subject’s Age

Component 1621  21-30 31-34  34-50 61-67 68—-Death
Transfer Income cNLSY NLSY79; PSID

Subject Income cNLSY NLSY79; PSID

Health PSID; MEPS; MCBS; HRS

Crime NCDPS; NJRP; NVS; UCRS

Note: This table details the non-experimental data sources we use to interpolate and
extrapolate the life-cycle benefits and costs of ABC and CARE. ¢NLSY: Children of
the National Longitudinal Survey of the Youth 1979; NLSY79: National Longitudinal
Survey of the Youth 1979; PSID: Panel Study of Income Dynamics; MEPS: Medical
Expenditure Panel Survey; MCBS: Medicare Current Beneficiary Survey; HRS: Health
and Retirement Study; NCDPS: North Carolina Department of Public Safety Data;
NVS: National Crime Victimization Survey; NJRP: National Judicial Reporting Pro-
gram; UCRS: Uniform Crime Reporting Statistics.
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2.3 Methodology

2.3.1 Parameters of Interest and Policy Questions

Random assignment to treatment alone does not guarantee that conventional treatment-
effect estimates commonly used in the literature are able to answer policy-relevant questions.
For an estimator to be useful in policy design, it should relate to a relevant parameter by
clearly stating the counterfactual scenario to which the evaluated program is being com-

pared. We define three parameters and link them to different policy questions.

Let Q be a set with o-algebra o () characterizing the program’s subjects, with generic
element w € €. Let Y denote an outcome of interest. D indicates whether or not the parents
of the subject agree to participate of the program and R|D = 1 denotes randomization to
either treatment or control status; 7' denotes the number of periods during the first phase

of treatment—>5 years.?> We think of two counterfactuals under control status:

Yy (t,w) : Outcome under control status; subject stays at home in period ¢

Y3 (t,w) : Outcome under control status; subject attends preschool in period t

We define the proportion of months in alternative preschool as

Y () Y () <0}

V(w) : T

(2.1)

Describing the dynamic choices underlying V' (w) is of interest but goes beyond the scope of

this paper. We simplify the analysis by assuming that

25We define parameters that are conditional on the parents agreeing to participate of the program. That
is, conditional on D = 1. We find little sensitivity to the few cases of non-compliance in Appendix E and
adjust our estimates for the cases of attrition as we explain in Appendix G.
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Vi (tw) =Yg (w)

YO (tw) = Y2 (w). (2.2)

We write the counterfactual outcome when the child is fixed to control status as

Yo w) =1 =V ()] Yy (W) + [V (w)] YE (W), (2:3)

and make explicit its dependence on V' (w), allowing us to answer policy-relevant questions.

Likewise, we write the outcome when the child is fixed to treatment status as Y! (w).

There are two possible approaches. One approach is to treat V' (w) as binary, where V' (w) = 0
or V (w) > 0. The other approach is to allow for multiple values of V" and let V' to be con-
tinuous in the limit. The latter approach is ideal, because it would allow us to construct the
counterfactual Y2 (v,w) for v € [0, 1] denoting a realization of V. This approach, however, is
problematic in the context of the small number of observations in our experimental datasets.
While the former approach limits the cases to either V (w) = 0 or V (w) > 0, it still allows for
the definition of policy-relevant parameters. Under this approach, we can frame the parental

decision in a standard Roy-type setting noting that

Pr Y (w) > max (Y (w), Y2 (w))] =1, (2.4)

where we could also frame the problem in terms of parental utility function U (-) over the

outcome Y. We present estimates for different versions of this Roy model in Appendix D.

We focus on simpler parameters that we can directly use in the cost-benefit analysis. The

estimates of these parameters and the Roy-model equivalents are qualitatively similar. The
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first parameter of interest relates to the following question: what is the effect of the program
as implemented? That is, what is the effect of the program without fixing the parental
decision of whether or not to enroll the subject in alternative preschool? Importantly, this
parameter does not speak to the effectiveness of the program by itself. Instead, it speaks to
the effectiveness of the program relative to the supply of alternatives preschools that was in

place when the program was implemented. The parameter is:

A:=Eq [V (w) — max (Vg (w), Y2 (w)) D =1]. (2.5)

Random assignment to either the treatment or control group allows us to identify this pa-

rameter.

It is perhaps more policy-relevant to inquire on the efficiency of a program with respect
to a clearly stated counterfactual. For example, if we ask: what is the effectiveness of the
program with respect to a counterfactual in which the child stays at home? A parameter

associated with that question is:

Aw=0):=Eq[Y'(v,w) =Y’ (v,w) |V =0,D=1]. (2.6)

Random assignment to the treatment group does not identify this parameter.?® We can

approximate it with the following estimator:

Aw=0):=E[Y[R=1,Vel0,n,D=1—-E[Y|R=0,V €[0,9],D = 1] (2.7)

with n — 0 and where f][] represents an estimate of E[-]. That is, we compare the sub-

jects randomly assigned to treatment with the subjects randomly assigned to control in a

26We abuse notation to index the realization of V (w). Differently from the definition above, the first
argument in Y (-, ) represents the proportion of time in preschool alternatives and not a time period. We
do this to avoid further complicating the indices of the counterfactual outcomes.
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neighborhood where subjects do not take preschool alternatives. Various matching estima-
tors allow us to estimate how likely subjects are to take preschool alternatives, based on
observed characteristics (Heckman et al., 1997, 1998). We provide different versions of these

estimators below.

Similarly, we define a parameter that allows us to compare the effectiveness of the program

relative to the preschool alternatives:

A(v>0):=Eq[Y'(v,w) =Y’ (v,w)|V >0,D=1] (2.8)

and provide an estimate analogous to (2.7). The parameters in (2.6) and (2.8) address
control substitution, in the sense that they fix the counterfactual comparison accounting for

the decisions that the parents make to enroll children in alternative preschools.

2.3.2 Testing Multiple Hypotheses

We are interested in the effects that the program has on multiple dimensions of human
development. We have measures of outcomes from very early in life to the mid-30s. This
generates a multiple hypothesis testing problem. Two approaches are: (i) adjust the infer-
ence to account for the correlation of the outcomes using a step-down procedure (Lehmann
and Romano, 2005; Romano and Shaikh, 2006); and (ii) monetize the outcomes to produce
a cost-benefit analysis. We adjust the inference when estimating the parameters in Sec-
tion 2.3.1 as in Lehmann and Romano (2005) and Romano and Shaikh (2006) and provide
a cost-benefit analysis below. In this section, we provide an intermediate alternative that

informs on the relative importance of different outcomes in the cost-benefit analysis.

Let G be the index set for different groups of outcomes and let O, be a group of outcomes,

with ¢ € G. Let Fj{z (yfg) be the marginal distribution of outcome j in group g when
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randomized into treatment R = 1 or control R = 0. Assume that we want to perform
inference on estimates of parameters of the type (2.5) across multiple outcomes. That is,

inference on

Ajg:=Eq [V}, (w) —max (Y, 4 (w),Y) o (w))|D=1]. (2.9)

> %459,

for the group of outcomes in O,. We want to test the null hypothesis

Hy: F),=F}, VjeO, (2.10)

In practice, we test the hypothesis

HO . Aj,g = 0, VJ S Og. (211)

We use the following statistic to test this hypothesis:

T,=3 1 [ﬁg > 0] . (2.12)

For inference purposes, we bootstrap this procedure and construct a null distribution. The
p-value for the number of socially positive treatment effects in group ¢ is 1 — F\g (T,), where

ﬁg is the empirical bootstrap distribution of group g.2”

A particular case is to count the positive treatment effects in the outcomes across all the
groups indexed in the set G. This allows us to avoid (i) arbitrarily picking outcomes that
have statistically significant effects— “cherry picking”; or (ii) arbitrarily blocking sets of out-

comes to correct the p-values when accounting for multiple hypothesis testing.

2TFor the case where we count the number of positive and significant outcomes, we use a “double bootstrap”
to produce an inference on the count. We resample By times to obtain the p-value for testing the hypothesis
of interest for each individual outcome. This allows us to compute the number of positive and significant
treatment effects, for example. We repeat this procedure B; times to obtain a distribution for this count.
Thus, the double bootstrap consists of By x By data resamplings.
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We provide inference on this count and on a count of treatment effects that are both pos-
itive and significant for which the inference is analogous. We also provide counts for the

parameters that account for control substitution.

2.3.3 Forecasting and Monetizing Life-cycle Costs and Benefits

In this section, we explain our strategy to interpolate and extrapolate the life-cycle costs
and benefits of labor income, crime, and health. The methodology for doing this exercise for
parental and public-transfer income is analogous to that of labor income so we suppress it
for brevity. More methodological and practical details are in Appendix H, in which we also
explain a solution for cases of attrition when producing interpolations and extrapolations.
Based on our forecasts, we estimate the parameters in Section 2.3.1 to perform the cost-

benefit analysis of the program with and without accounting for control substitution.

2.3.3.1 Labor Income

We observe labor income at ages 21 and 30. To construct a life-cycle profile, we interpolate
between ages 21 and 30 and extrapolate from ages 31 to 67, in which we assume that the
subjects retire. For simplicity, we suppress D and drop individual and time subscripts. Re-
call that R indicates whether the subject was randomized to the treatment group (R = 1)
or to the control group (R = 0), conditional on having agreed to participate in the pro-
gram (D = 1). Y is the outcome for which we want to produce a forecast—interpolation
or extrapolation. In this case, the outcome is labor income. X is a vector of observed
characteristics, possibly affected by the treatment—e.g. lagged values of Y; W is a vector
of baseline characteristics—e.g. race and gender; S indicates whether we observe Y in the

experimental sample (S = 1) or an auxiliary, non-experimental data source (S = 0).

Our objective is to recover a forecast for Y of the type
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Y

6 (R, X,W,8=1)+5 (2.13)

where ¢ (R, X, W,S) :=E[Y|R=r,X =2, W =w,S = s] and £ is a forecasting error. That
is, we assume that the outcome of interest is an additively separable function of the known

objects R, X, W, S and an unobserved component &:

Assumption 2.3.1 (Additive Separability of the Outcome)
Y=0¢(R,X,W,S)+e. (2.14)

Identifying ¢ (R, X, W, S) requires three assumptions. First, the forecast is based on observed
characteristics, X. Thus, we require the auxiliary datasets to share the support on observed

characteristics with the experimental dataset:

Assumption 2.3.2 (Common Support Between the Experimental and Auziliary Datasets)
sup (XS =1) Csup (X|S=0). (2.15)

Second, we assume that we are able to summarize the impacts that the treatment has on
the outcomes with observed characteristics, given that we are not able to observe R in
the auxiliary dataset. Similarly, we need to be able to summarize the difference between
the individuals in the experimental datasets and those in the auxiliary datasets based on
observed characteristics. This is the third assumption. The second and third assumptions
are related, as they establish the requirements for being able to “link” the individuals in the
auxiliary and experimental datasets when producing the forecasts. Formally, let * denote
variables we do not observe. In the auxiliary dataset we have: (S =0,Y, X, W, R*). In the

experimental dataset we have: (S =1,Y* X, W, R). The second and third assumptions are:

Assumption 2.3.3 (Conditional Independence and Sufficiency of S, X, W to Describe Treat-
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ment)

EYR=r,X=2,W=wS=s]|=E[Y|X=2"W=w,5 =5 (2.16)
where x" is a draw from the distribution of X|R = r.

Assumption 2.3.4 (Conditional Independence and Sufficiency of X, W, R to Describe Pres-

ence in a Dataset)
EY* R=rX=2,W=wS=1]=EY|R =rX=2,W=w5=0]. (2.17)

These three assumptions imply that

$(RXW,S=1)=E[Y|X =a2", W =w, S = 0] (2.18)

where E[Y|X = 2", W = w, S = 0] is a moment in the auxiliary dataset. The estimation of
E[Y|X =2a", W =w, S = 0] produces a residual of the form £:=Y — Y for each individual.
The forecast for each individual outcome consists of gg (-) and a draw from the empirical
distribution of &, which we call forecast error. We account for it when interpolating and

extrapolating the crime and health outcomes in addition to income.

2.3.3.2 Crime

In this section, we explain how we quantify the benefits of the program from reductions
in the subject’s criminal activity. Two previous studies consider the impacts of ABC on
crime: Clarke and Campbell (1998) use administrative crime records up to age 21, and find
no significant differences between the treatment and the control groups. Barnett and Masse
(2007) mention crime in their cost-benefit analysis, but they cite the previous study to claim
that there are no savings coming from a reduction in crime. We consider richer data than the
previous studies, which allows us to consider crime with a comprehensive life-cycle perspec-

tive: we gather various data sources, including administrative data on individual criminal
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records up to age 34, and project crimes until age 50 using prediction models based on local

microdata.

We consider the following types of crime: arson, assault, burglary, fraud, larceny, miscel-
laneous (which includes traffic and non-violent drug crimes), murder, vehicle theft, rape,
robbery, and vandalism. We use data from: (i) administrative youth arrests datasets, gath-
ered for the age-21 follow-up; (ii) administrative adult arrests datasets, gathered around age
34; (iii) administrative sentences datasets, gathered around age 34; and (iv) self-reported
adult crimes datasets, gathered in the age-21 and age-30 subject interviews. Because none
of these data sources capture all criminal activity, it is necessary to combine them to more
completely approximate the crimes the subjects committed. These datasets are discussed
more extensively in Appendix K. The data are comprehensive and cover the full potential
criminal career of subjects up to age 34, including details on the types of crimes and their

timing, as well as projected and effective sentences.

We use several auxiliary datasets to construct national arrests-to-sentences and victims-to-
arrests ratios: (i) the National Crime Victimization Survey (NCVS) to estimate the number
of victims of crime; (ii) the National Judicial Reporting Program (NJRP) to estimate the
number of sentences; and (iii) the Uniform Crime Reporting Statistics (UCRS) to estimate
the number of arrests. Finally, we use microdata from the North Carolina Department of
Public Safety (NCDPS) to estimate a prediction model for future crimes. This dataset con-
tains information since 1972 on every individual who was convicted of a crime and entered

the state prison system.

We follow four steps to estimate the costs of crime. We summarize the steps here and present

a broader discussion in Appendix K.
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1. Count arrests and sentences. We start by counting the total number of sentences for
each individual and type of crime (robbery, larceny, etc.) up to age 34. Then, we match
the data on adult arrests, juvenile arrests, and self-reported crimes, to construct the
total number of arrests for each individual and type of crime up to that age.?® About
10% of the ABC and CARE samples have missing arrest data. For these cases, we
impute the number of arrests by multiplying the number of sentences for each type of

crime by the national arrests-to-sentences ratio for the respective crime.

2. Construct predictions. Based on the sentences observed before age 34, we predict the
sentences that the ABC and CARE subjects will have after that age. The NCDPS
data provide lifetime sentences of individuals in North Carolina, the same state in
which the program was implemented. In that dataset, we estimate linear prediction
models for each type of crime in which sentences after age 34 are the outcomes, and
sentences up to age 34 are the regressors. Then, we apply these models to the ABC
and CARE data. The outcome for each crime type is the number of future sentences
for each subject, up to age 50. We assume that individuals with no criminal records
before age 34 commit no crimes after age 34. We then add these estimates to the
original number of sentences, getting an estimate of the lifetime sentences. To the best
of our knowledge, no prior study on the benefits and costs of an educational program
has used microdata to estimate a predictive model for future crimes. The predictions
are an important component of total crime, as adding them increases the total count
of crimes by 30%-50%. The prediction models we estimate and the results in terms of

additional crimes are presented in Appendix K.

3. Estimate number of victims of crimes. We observe crimes that resulted in consequences

in the judicial system (i.e. crimes that resulted in arrests, sentences, or both). However,

28In practice, we count all offenses (an arrest might include multiple offenses). This gives the correct
number of victims for our estimations. The youth data have coarser categories than the rest of the data, so
we assume that all property crimes were larcenies and that all violent crimes are assaults. In our sample,
assault is the most common type of violent crime, and larceny/theft is the most common property crime.
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it is possible that for any subject for whom we observe to have committed a crime,
he committed more crimes that we do not observe. Victimization inflation (VI) is a
method to capture benefits of crime reduction for crimes without consequences in the
judicial system that are unobserved in the ABC and CARE data. Previous papers
using this method include Belfield et al. (2006) and Heckman et al. (2010d). We start
by constructing a VI ratio, which is the national ratio of victims-to-arrests for each

9 Then, we estimate the number of victims for each type of crime

type of crime.?
committed by ABC and CARE subjects as their total arrests multiplied by the VI
ratio. Additionally, we can calculate an analogous estimate of the number of crime
victims using sentences, based on the VI ratio and the national arrests-to-sentences

ratio. Both estimates are very similar, as shown in Appendix K. To improve precision,

the estimates in the rest of our paper are based on the average of the two.

. Find total costs of crimes. We use the estimates of the cost of crimes for victims from
McCollister et al. (2010) to impute the total victimization costs (see Appendix K for
details on the costs we use). For crimes having arrests, sentences, or both, we consider
judicial system costs as well, such as police costs.?® Finally, we construct the total
costs of incarceration for each subject using the total prison time and the cost of a day

in prison.

2.3.3.3 Health

We use an alternative methodology for health-related outcomes. There are three main rea-

sons for this: (i) health outcomes such as diabetes or heart disease are absorbing states;

(i) health outcomes are highly interdependent within and across time; and (iii) there is no

evident time period available to finish accounting for benefits and costs. For example, for

29We assume that each crime with victims is counted separately in the national reports on arrests, even
for arrests that might have been motivated by more than one crime.

30To be able to assign costs to each type of crime, we assume that the cost of the justice system depends
on the number of offenses of each type, rather than on the number of arrests. While this could very slightly
overestimate justice system costs, the costs only represent about 5% of the total crime costs.
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income we extrapolate up to the retirement age of 67. However, for health, we need to pre-
dict an age of death for each individual. Thus, using the notation so far, it is not sufficient
to condition on W, Z, X to recover a credible estimate of the treatment effect. Instead, we
use an adaptation of the Future America Model (FAM) that projects health outcomes from

the subjects’ early- to mid-30s up to their projected death (Goldman et al., 2015).3!

We provide a brief description of the model in this subsection. Appendix N provides a thor-
ough discussion. The methodology has six steps: (i) estimate the age-by-age health state
transition probabilities using the Panel Study of Income Dynamics (PSID); (ii) match these
transition probabilities to the ABC and CARE individuals based on observed characteristics;
(iii) estimate quality-adjusted life year (QALY) models using the Medical Expenditure Panel
Survey (MEPS) and the PSID; (iv) estimate medical cost models using the MEPS and the
Medicare Current Beneficiary Survey (MCBS), allowing estimates to differ by health state
and observed characteristics; and (v) predict the medical expenditure and QALYs that cor-

respond to the simulated individual health trajectories.3?.

Our microsimulation model starts the health predictions at age 30, with the information on
observed characteristics available at this age. We restrict it to the individuals for whom we
have information from the age-34 health follow-up. This allows us to account for components
that are crucial for predicting health outcomes, such as the body mass index (BMI). The
models predict the probability of being in any of the states in the horizontal axis of Table 2.6
at age a + 1 based on the state at age a, which is described by the vertical axis of the table.
The crosses indicate if being in a health a state at age a is relevant for the estimation of

1.33

the probability of being in a health state at age a + Absorbing states are an exception.

31The simulation starts at the age in which we observe the subject’s age-34 health follow-up. On average
this happened at age 34 for both males and females, but there is variation ranging from age 30 to age 37.

32As an intermediate step between (i) and (ii), we impute some of the variables used to initialize the FAM
models (see Appendix N

33Tn practice, the predictions are based on two-year lags, due to data limitations in the auxiliary sources
we use to simulate the FAM. For example, if the individual is 30 (31) years old in the age-30 interview, we
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For example, heart disease at age a does not enter in the estimation of transitions for heart
disease at age a + 1 because it is an absorbing state: once a person has heart disease, she
carries it through the rest of her life. The same is true for chronic or permanent conditions

such as hypertension, having a stroke, etc.

At each age, once we obtain the transition probability for each health outcome, we draw a
Monte-Carlo simulations for each subject. Thus, each simulation depends on each individ-
ual’s health history and on their particular characteristics. For every simulated trajectory
of health outcomes, we predict the lifetime medical expenditure using the models estimated
from the MEPS and the MCBS. We then obtain an estimate of the expected lifetime medical
expenditure by taking the mean of each individual’s simulated lifetime medical expenditure.

The same procedure is applied to QALYs.

A quality-adjusted life year (QALY) reweighs a year of life according to its quality given
the burden of disease. A QALY of 1 denotes a year of life in the absence of disease (perfect
health). The value of QALY for an individual in a given year is smaller than 1 when there is
positive burden of disease, as worse health conditions imply lower QALYs.?* We compute a
QALY model based on the EQ-5D instrument, a widely-used Health-related Quality-of-life
(HRQoL) measure, available in MEPS. We then estimate this model from the PSID. Ap-

pendix N provides more details on this estimation strategy.

simulate the trajectory of her health status at ages 30 (31), 32 (33), 34 (35), and so on until her projected
dead.

34When an individual dies, her QALY equals zero. It is worth noting that there are extreme combinations
of disease and disability that may generate negative QALYs, although this case is unusual.
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We estimate three models of medical spending: (i) Medicare spending (annual medical spend-
ing paid by parts A, B, and D of Medicare); (ii) out-of-pocket spending (medical spending
paid directly by the individual); and (ii) all public spending other than Medicare. Each
medical spending model is estimated through pooled weighted least squares regressions that
include a persons demographics, economic status, current health, risk factors, and functional
status as explanatory variables. The MCBS-based medical spending models also include

lagged health because of the length of time for which MCBS subjects are observed.

Medical Expenditure before Age 30

We combine the MEPS and retrospective information in the ABC and CARE interviews at
ages 21 and 30 related to hospitalizations at ages 12 and 15 and births at age 15. In addition
to this retrospective information, we use use individual and family demographics to predict

medical expenditure models for each age, as summarized in Table 2.7.

Table 2.7: Health Expenditure Models by Age Group, before Age 30

Explanatory variable Age Group
8-11 12-14 15-20 21-30

Race/ethnicity v v v v
Education X X X v
Asthma Diagnoses v v v v
Hospital stays if > 1 week any stay any stay X
Births X X v v
Mother present X v v X
Father present v v X X
Number of siblings v v X X
Foodstamps v v v v
Living arrangements X X v v
Working, if working age X X v v

Note: This table summarizes the explanatory variables included in the models
we use to predict medical expenditure for each age group. Possible living ar-
rangements are: living with parents, away at college, married, or other.

The first level of each model predicts the likelihood that the subject incurred any medical
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expenditure in the period. The second level predicts the medical expenditure for those with

positive expenditures.

2.4 Results

2.4.1 Treatment Effects

We consider 95 measures of human development across the life cycle and count the measures
for which the program had a “socially positive” effect, without accounting for control sub-
stitution.®® We do this for both ABC and CARE by focusing on the first phase of treatment
to compare subjects who received center-based childcare to control-group subjects—noting
that assignment was random.?¢ Figure 2.4 displays the results from this exercise: ABC and

CARE positively impact a large percentage of the outcomes we consider.?”

We can further decompose the counts in Figure 2.4 into arbitrary categories. To econo-
mize space, we present this exercise pooling ABC and CARE. That is, we decompose the
effects described in the last two bars of Figure 2.4. Figure 2.5 and Figure 2.6 present this
exercise. This helps us better understand the type of outcomes the programs affected. The
results indicate that a large and precise fraction of effects are positive for outcomes spanning

the life cycle, from parental income to crime and including a wide variety of health categories.

Next we present an overview of outcome-specific results. Appendix C displays an extensive

summary of the estimates for the 95 outcomes we consider. Note that: (i) we arbitrarily

35These outcomes directly relate to the categories we monetize in the cost-benefit analysis. We analyze
a more thorough list of outcomes in Appendix O. The results weaken, but not to a great extent. This is a
consequence of adding outcomes for which it is not clear that treatment should have a positive treatment
effect.

36In ABC, this implies comparing the subjects who were randomly assigned to the treatment group to
the subjects who were randomly assigned to the control group, in the first phase. In CARE, this implies
comparing the subjects who were randomly assigned to receive center-based childcare and family education
to the subjects who were randomly assigned to the control group, in the first phase as well.

3"The calculation of the standard errors follows from the bootstrap procedure we discuss in Section 2.3.
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pick the outcomes we discuss next because we consider them of economic interest; and (ii)
Appendix C displays results accounting for multiple hypothesis testing as in Lehmann and
Romano (2005) and Romano and Shaikh (2006). We do not lose significance in the majority

of outcomes.

Figure 2.4: Positively Impacted Outcomes, ABC and CARE

90

% of Outcomes with Positive TE

|_ Females M Males +—— +/-s.e.

Note: The bars compare the mean of positive impacted outcomes between subjects in ABC and CARE who
received center-based childcare and family education and subjects who receive either family education or no
treatment at all.

Table 2.8 presents the results for females. We focus on three columns. Columns (2) displays
the estimates of the parameter in (2.5). This parameter speaks to the effectiveness of the
programs, as implemented. Columns (5) and (8) display estimates of the parameters in (2.6)
and (2.8). The former speaks to the effectiveness of the programs relative to the counterfac-
tual of staying at home. The latter speaks to the effectiveness of the programs relative to
attending an alternative preschool. All of these three estimates account for program attrition

and control for a set of background variables.?®

38See Appendix H for our methodology to account for attrition and Appendix B for our procedure for
selecting controls.
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Figure 2.5: Positively Impacted Outcomes by Category, ABC and CARE
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Note: For each outcome category, we compare the mean of the subjects who received center-based childcare
in ABC and center-based childcare and family education in CARE to the mean of the subjects in the control
group in both programs and count the number of positive comparisons.

Column (2) shows that the program caused substantial gains in a variety of economically
relevant short- and long-term outcomes, as implemented. First, the programs have an effect
on IQ that goes beyond the effects of many early childhood education programs, which
usually fade out after a year of elementary school (Hojman, 2015; Elango et al., 2016). To
put this effect in perspective, note that I1QQ and achievement tests scores are standardized
to a nationally representative population with a standard deviation of 15 points. The effect
of the programs we study amounts to more than 1/2 of a standard deviation. The largest
effect of Head Start, for example, happens before elementary school and amounts to half of
the effect of ABC and CARE at age 12, the latter effect being measured after elementary
school (Elango et al., 2016). The programs also have a substantial effect on achievement,

which not only measures cognition but mathematics and reading knowledge.
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Figure 2.6: Positively Impacted Health Outcomes, ABC and CARE
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Note: For each outcome category, we compare the mean of the subjects who received center-based childcare
in ABC and center-based childcare and family education in CARE to the mean of the subjects in the control
group in both programs and count the number of positive comparisons.

The effects that the programs have on years of education and employment at age 30 are
sizable—column (2). The former increases by 8 percentage points and the latter by 1.7
years. Although marginally not significant, the programs also: (i) increase labor income;
and (ii) reduce the dependence on public-transfer income. When we group the education
and employment outcomes across ages 21 and 30 all of them display a positive treatment

effect (see Figure 2.5).

When fixing the counterfactuals, a clear pattern emerges: females benefit much more from
the programs relative to staying at home compared to how they benefit from the programs
relative to attending alternative preschools. The differences are substantial: more than 30
percentage points in employment, almost 4 years of education, a decrease of around $3, 000

2014 USD in public transfer income.
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Table 2.8: Treatment Effects on Selected Outcomes, Females

Variable Age (1) (2) (3) (4) (5) (6) (7) (8)
Std. IQ Test 12 8.688 7.857 6.850 9.960 6.441 9.120 6.952 8.429
(0.000) (0.013) (0.026) (0.000) (0.039) (0.000) (0.039) (0.013)
Education Years 30 2.143 1.695 4.025 2.984 3.918 1.567 1.155 1.409
(0.000) (0.000) (0.000) (0.000) (0.000) (0.013) (0.066) (0.026)
Transfer Income 30 -2,672 -1,560 -3,053 -2,783 -3,213 -2,269 -1,169 -2,620
(0.026) (0.118)  (0.013) (0.092) (0.013) (0.105) (0.224) (0.132)
Employed 30 0.131 0.080 0.333 0.363 0.340 0.056 0.003 0.070
(0.092) (0.171)  (0.053) (0.092) (0.053)  (0.276) (0.447) (0.263)
Years Incarcerated 30 -0.024 -0.025 -0.037 -0.032 -0.038
(0.053)  (0.066) (0.053) (0.053) (0.066)
Diabetes Mid-30s -0.071 -0.032 -0.091 -0.039 -0.095
(0.066)  (0.171) (0.066)  (0.171)  (0.039)

Note: This table displays the treatment effects for females, pooling ABC and CARE. Column (1): mean
difference between the groups randomly assigned to receive center-based childcare and the groups ran-
domly assigned not to. Column (2): adjusts the estimates in (1) for attrition and controls for a set of
covariates (see Appendix B). Column (3): mean difference between the groups randomly assigned to re-
ceive center-based childcare and the groups randomly assigned not to, restricting the latter to subjects
who did not receive preschool alternatives. Column (4) adjusts the estimates in (3) for attrition and con-
trols for a set of covariates. Column (5): mean difference between the groups randomly assigned to receive
center-based childcare and the groups randomly assigned not to, placing a relatively high weight on the
subjects who are likely not to be enrolled in alternative preschools. Column (6): mean difference between
the groups randomly assigned to receive center-based childcare and the groups randomly assigned not to,
restricting the latter to subjects who received preschool alternatives. Column (7) adjusts the estimates
in (6) for attrition and controls for a set of covariates. Column (8): mean difference between the groups
randomly assigned to receive center-based childcare and the groups randomly assigned not to, placing a
relatively high weight on the children who are likely to be enrolled in alternative preschools. The results
in bold are significant at the 10% level in a single-sided, non-parametric, bootstrapped test.

When comparing the parameter estimates in columns (2), (5), and (8) we see that for females:
the effectiveness of the program as implemented is lower than the effectiveness of the program
relative to staying at home, while it is greater relative to attending alternative preschools. In
an exercise analogous to that of Figure 2.4 we find that the programs relative to staying at
home cause 84% (55%) positive (and significant outcomes). The analogous number relative to
attending alternative preschool is 79% (33%). These results are relevant for the calculation
of the cost-benefit ratio: they order the relative magnitude of the estimates we provide,

depending on the counterfactual comparison.
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Table 2.9: Treatment Effects on Selected Outcomes, Males

Variable Age (1) (2) (3) (4) (5) (6) (7 (8)
Education Years 30 0.525 0.708 0.857 1.302 0.791 0.385 0.540 0.347
(0.079)  (0.079)  (0.118)  (0.092)  (0.171)  (0.171)  (0.132)  (0.276)
Labor Income 30 19,810 24,902 17,909 21,069 24,012 20,065 28,483 21,170
(0.079)  (0.171)  (0.132)  (0.263)  (0.105)  (0.066)  (0.132)  (0.158)
Employed 30 0.119 0.179 -0.029 -0.050 0.041 0.176 0.245 0.262
(0.079)  (0.039)  (0.487)  (0.579)  (0.355)  (0.053) (0.013) (0.000)
Misdemeanors Mid-30s -0.501 -0.239 -0.251 0.085 -0.040 -0.665 -0.343 -0.512

(0.132)  (0.316)  (0.408)  (0.500)  (0.395)  (0.105)  (0.224)  (0.118)
Diastolic Pressure  Mid-30s  -10.854  -19.895  -8.640  -12.199  -8.150  -14.240  -22.740  -21.851
(0.000) (0.000) (0.013) (0.079) (0.026) (0.013) (0.000) (0.000)

Vit D Deficiency ~ Mid-30s ~ -0.245  -0.185  -0.480  -0.216  -0.485  -0.172  -0.145  -0.189
(0.066)  (0.132)  (0.000) (0.158)  (0.000)  (0.158)  (0.263)  (0.158)
Drug user Mid-30s  -0.333  -0.432  -0.500  -0.788  -0.555  -0.233  -0.326  -0.330

(0.026)  (0.000) (0.000) (0.000) (0.000) (0.118) (0.053) (0.039)

Note: This table displays the treatment effects for females, pooling ABC and CARE. Column (1): mean
difference between the groups randomly assigned to receive center-based childcare and the groups ran-
domly assigned as control. Column (2): adjusts the estimates in (1) for attrition and controls for a set
of covariates (see Appendix B). Column (3): mean difference between the groups randomly assigned to
receive center-based childcare and the groups randomly assigned not to, restricting the latter to subjects
who did not receive preschool alternatives. Column (4) adjusts the estimates in (3) for attrition and con-
trols for a set of covariates. Column (5): mean difference between the groups randomly assigned to receive
center-based childcare and the groups randomly assigned not to, placing a relatively high weight on the
subjects who are likely not to be enrolled in alternative preschools. Column (6): mean difference between
the groups randomly assigned to receive center-based childcare and the groups randomly assigned not to,
restricting the latter to subjects who received preschool alternatives. Column (7) adjusts the estimates
in (6) for attrition and controls for a set of covariates. Column (8): mean difference between the groups
randomly assigned to receive center-based childcare and the groups randomly assigned not to, placing a
relatively high weight on the subjects who are likely to be enrolled in alternative preschools. The results
in bold are significant at the 10% level in a single-sided, non-parametric, bootstrapped test.

Table 2.9 presents the results for males. The programs as implemented had statistically and

economically significant effects on high-school graduation, employment, prediabetes, and di-

astolic pressure. The effect on labor income amounts to nearly $20,000 2014 USD.

When fixing the counterfactual comparison, a clear pattern, as in the case of females, is

not evident. When complementing the information with counts of positive (and significant)

treatment effects, a pattern does emerge: relative to the programs, males benefit more from

staying at home than attending alternative preschools. Relative to staying at home, ABC
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and CARE have positive (and significant) treatment effects for 47% (15%) of outcomes. The
analogous number relative to attending alternative preschool is 79% (29%). The magnitudes

of the results in the cost-benefit analysis are consistent with these results.

2.4.2 Cost-benefit Analysis

Table 2.10 summarizes the cost-benefit analysis of the programs without accounting for con-
trol substitution. All the money figures are in 2014 USD and are discounted to each child’s

birth age, unless otherwise specified.

Pooling males and females, the results indicate that the program is socially efficient: the
baseline estimates for the internal rate of return and the benefit-to-cost ratio are 13% and
4.35. The program generates a benefit of 4.35 for every dollar spent on it. This is of par-
ticular importance because ABC and CARE were much more expensive than other early
childhood education programs like Perry or Head Start (Elango et al., 2016)—the treatment

involved more services over a longer time period.

The internal rate of return and the benefit-to-cost ratio are robust to sensitivity exercises.
First, we remove the component due to parental income. In practice, ABC and CARE had
a childcare subsidy component because it allowed the mothers to work causing additional
parental income. This component amounts to $115,026. Even after removing this com-
ponent, the internal rate of return and benefit-to-cost ratio indicate social efficiency of the

program and remain statistically significant.

Parental income and crime are the components for which the internal rate of return and

the benefit-to-cost ratio are the most sensitive.?® The reason for the sensitivity to parental

39We do not account for treatment effects on parental income beyond age 15 because some children report
to move out of their households as early as this age. This makes ambiguous the effects that parental income
could have on the subjects after age 15.
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income is that the amount is substantial and it is not heavily discounted because it accu-
mulates during the first 15 years of the children’s life. Although crime is subject to more
discounting, the amount due to crime savings is large so removing it diminishes both the

internal rate of return and the benefit-to-cost ratio.

The estimates are robust to individually removing the rest of the components, and in most
cases remain statistically significant. This happens for one of either two reasons: (i) the ef-
fects are substantial but they are heavily discounted because they happen later in life—e.g.
labor income; or (ii) the effects happen early in life but are not as substantial—as in the

amount that the control-group parents pay for their children to attend alternative preschools.

Next, we analyze the estimates when splitting the sample by males and females. Some of
the estimates lose significance due to the reduction of observations after splitting the sample

by gender. The point estimates remain robust across the sensitivity analysis.

For females, we observe consistency except for the case where we remove the parental income
component. We can observe that the female sample is the main driver of parental income

when comparing its net present value between females and males.

For males, the estimates are robust, similar to the female samples. An exception occurs
when we remove the component corresponding to quality-adjusted life years. Although the
cost-to-benefit ratio remains virtually unchanged, the internal rate of return is negative. In
this case, the internal rate of return is actually uninformative: it is negative due to the
fact that, when excluding the quality-adjusted life years, the net-benefit streams cross from
negative to positive generating multiple roots. The interpretation of the internal rate of

return when the net-benefit streams cross in unclear (Arrow and Levhari, 1969).%

40This reinforces the importance of considering the quality-life improvement due to better health condi-
tions.
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Finally, we provide a cost-benefit analysis of the program when accounting for control sub-
stitution (Table 2.11). The first row shows the estimates without accounting for control
substitution, i.e. the same as those of the first row in Table 2.10. The second and third rows

present results for the two counterfactual comparisons we consider.

Before discussing the results, it is worth noting that the sample sizes for some of the cases
make the IRR estimates very unstable. For example, the estimates for females compared
to the counterfactual of staying at home are based on an initial sample of 5 observations in
the control group, while the estimates for males are based on 7 observations in the control

1 In the specific case of females, the internal rate of return corresponding to the

group.*
counterfactual of staying at home is based on crossing net-benefit streams. Similarly, we

cannot obtain a real solution for the case of males.

The samples used to produce estimates relative to enrollment in alternatives preschools are
larger than those previously mentioned and we are able to obtain real solutions for the IRR
even after splitting by males and females. Despite these practical difficulties, the results
are consistent with the treatment effects we show in Section 2.4.1. Compared to ABC and
CARE, females benefit more than males from alternative preschools relative to staying at
home. That is, the benefit-to-cost ratio of ABC and CARE relative to staying at home is
high for females and low for males. Conversely, the benefit-to-cost ratio of ABC and CARE
relative to alternative preschools is high for males and low for females. Given the outcomes
that we are able to monetize have higher values for males than for females, the pooled results
are more similar to the results for males than to the results for females. Regardless, any
of the counterfactual comparisons we consider indicates that ABC and CARE are socially

efficient.

41That is, we observe 5 females and 7 males in the control group who did not attend alternative preschools.
Some of the forecasts could be based on even smaller samples due to missing values in some specific outcomes.
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Table 2.11: Cost-benefit Analysis Accounting for Control Substitution, ABC and CARE

Females Males Pooled
Estimate IRR B/C IRR B/C IRR B/C
Baseline 0.10 230 0.15 7.88 0.13 4.35
(0.08) (1.15) (0.11) (4.31) (0.09) (2.00)
Relative to Staying at Home -0.14 4.97 0.02 0.55 0.09 3.78

(0.11) (1.58) (0.07) (2.25) (0.03) (1.68)
Relative to Alternative Preschools  0.08 1.58 0.20 12.24 0.12 4.34
(0.08) (0.93) (0.13) (4.16) (0.07) (2.14)

Note: This table displays estimates of the internal rate of return (IRR) and the benefit-
to-cost ratio (B/C) for ABC and CARE for three cases. Not accounting for control
substitution (baseline); comparing ABC and CARE to staying at home (relative to
staying at home); and comparing ABC to alternative preschools (relative to alterna-
tive preschools). For the B/C we use a discount rate of 3%. We test the null hypothe-
ses IRR = 3% and B/C = 1—we elect 3% because that is the discount rate we use.
The results in bold are significant at the 10% level in a single-sided, non-parametric,
bootstrapped test. We resample both the experimental and the auxiliary data sources.

2.5 Final Comments

The evidence from policies related to early childhood education is still scarce despite its
importance in the public debate. We provide a thorough evaluation of two randomized
controlled trials: the Carolina Abecedarian Project (ABC) and the Carolina Approach to
Responsive Education (CARE).

As programs providing high-quality center-based childcare, ABC and CARE have posi-
tive effects on a variety of outcomes measuring human development throughout childhood
to adulthood—including cognition, socio-emotional skills, criminal activity, and adulthood
health. This translates into statistically and economically significant measures of social ef-
ficiency, like the benefit-to-cost ratio and the internal rate of return, which we calculate
accounting for complications that arise when evaluating social programs and considering

life-cycle gains.
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When adequately assessed, early childhood education programs enhance human development
in that they provide a vehicle to promote social mobility. An adequate assessment requires:
(i) comparing the program with respect to a well-defined counterfactual—e.g. other programs
or staying at home; and (ii) monetizing the life-cycle gains, which goes beyond back-of-the-

envelope calculations based on short-term gains.
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Chapter 3

Early Childhood Education

This chapter is coauthored with Sneha Elango, Jorge Luis Garcia and James J. Heckman.
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3.1 Introduction

Recent research demonstrates that the effects of adverse early childhood environments per-
sist over a lifetime (Knudsen et al., 2006). Substantial gaps between the environments of
advantaged children and those of disadvantaged children raise serious concerns about the life
prospects of disadvantaged children and the state of social mobility in America.!

The proliferation of single-parent households—especially households where children have
never had a father present—is a major contributor to the growth in inequality in childhood
environments.? In the US, single-parenthood is strongly correlated with child poverty. As a
group, the children of single parents are less likely to succeed in life than children from stable
two-parent households.? This evidence and the evidence that gaps in advantage are growing
across generations* has prompted growing interest in improving the early-life opportunities
of disadvantaged children.’

Concerns about the quality of childhood environments are fueled by growth in the labor
force participation of women with children.® This growth raises concerns about the supply of
childcare and its quality. Disadvantaged parents often lack access to high-quality childcare
and single-parent families are especially vulnerable.” The percentage of children who grow
up in poverty has increased from 16% in 2000 to 21% in 2013.%

These dual concerns have stimulated interest in public provision of early childhood

education programs to ease the burden of childcare for working mothers and to enhance the

opportunities available to disadvantaged children.

McLanahan (2004); Duncan and Murnane (2011).

2McLanahan (2004); Heckman (2008).

3McLanahan and Percheski (2008).

4Putnam (2015).

SOffice of the Mayor, New York City (2014).

6Calculations using the Current Population Survey indicate that, between 1960 to 2010, maternal labor
market attachment increased from 41% to 65% for single mothers (with children) and 20% to 60% for married
mothers. Most of these single mothers had children residing with them—in 1960, 91% of children in single
parent families lived with their mothers; this fell slightly to 87% in 2010.

"Blau (2003).

8Rates of child poverty are calculated using the Current Population Survey. Poverty is defined as growing
up in a household below the federal poverty line.

89



High-quality early childhood education programs enrich the learning and nurturing envi-
ronments of disadvantaged children. An accumulating body of evidence shows the beneficial
effects of these programs. They are much discussed among academics, mainstream media,
and policymakers. The Obama administration has promoted programs like Head Start as
vehicles of opportunity and social mobility and has called for increased federal investment
in high-quality programs developed and administered by states (The White House, 2014a).

This paper organizes and synthesizes the evidence on a variety of early childhood pro-
grams. We consider the evidence on means-tested programs.? Eligibility for these programs
is determined by a measure of childhood poverty (either family income or close surrogates
for it). We also consider the evidence on universal preschool programs.!

We gather in one place the evidence on the programs with the most rigorous evaluations
for which the reported results can be replicated. We also devote some attention to the
evidence from programs with flawed or limited evaluations, but do not place much weight on
it. We compare the treatments, treated populations, and treatment effects across a broad
range of programs.

We go beyond the standard, often very limited, discussions of the benefits of early
childhood education. We consider a richer collection of outcome measures, in addition to
the scores on IQ or achievement tests that receive so much attention in the literature. We
consider multiple outcomes across the life-cycle, e.g., physical and mental health, criminal
activity, earnings, and social engagement. We assess the economic and social rates of return
for programs that have the necessary data.

We do not rely exclusively on evidence from randomized control trials. We use credible
causal evidence from a broad range of studies using different methodologies. The evidence

we assemble shows agreement across studies: there is a strong case for high-quality early

9“Means-Tested” in this paper refers to programs with eligibility criteria based on income, socio-economic
status, or other measures of disadvantage.

0Universal programs have age requirements for children but are not means-tested. However, many ad-
vocate universal programs with sliding fee schedules based on family income, which effectively make them
means-tested.
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childhood education for disadvantaged children. It improves the early-life environments
of disadvantaged children, which in turn boost a variety of early-life skills and later-life
achievements.

We address two distinct questions that are frequently conflated. The first is whether or
not early childhood programs are effective. The second is whether or not these programs
should be subsidized by governments.

The answer to the first question depends on the quality of the program being offered and
the alternatives available and their costs. Any measure of effectiveness is a relative statement.
The proper question is: effective relative to what? Affluent families have better alternatives
and generally do not benefit from the public provision of early childhood education aimed at
median or disadvantaged populations. In contrast, high-quality versions of such programs
are consistently found to benefit disadvantaged children and have substantial economic and
social rates of return.!

Failure to account for the quality of childcare alternatives and the quality of home
environments leads analysts to make misleading statements about program effectiveness. A
recent example is the Head Start Impact Study (HSIS).!? Analyses that fail to account for the
childcare alternatives available to control participants understate the effects of Head Start.
Analyses that account for these alternatives show that Head Start actually has moderate to
strong effects on measures of cognitive and non-cognitive skills'® compared to home care,
but not necessarily when compared with other quality center-based childcare.

The answer to the second question is that the evidence in hand supports public subsidy
of high-quality programs targeted to disadvantaged populations. At current quality levels
and costs, their social benefits exceeds their social costs. There is little direct evidence on

the effectiveness of the programs we study on the children of affluent families. This paper

' This conclusion is consistent with previous studies that argue that disadvantaged children greatly benefit
from early childhood education. See, e.g., Blau and Currie (2006b), Duncan and Magnuson (2013b), and
Yoshikawa et al. (2013b). We differ from these studies because we consider evidence from a broader range
of studies using diverse but competent evaluation methodologies.

2Puma et al. (2012).

I3Feller et al. (2016); Kline and Walters (2014); Zhai et al. (2014).
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does not address the general question of what the optimal provision of childcare should be
for persons in different economic strata. The answer to this question would take us too far
afield.

The economic case for universal early childhood programs is weak.'* The case often
made for them is political in nature. Universality is sometimes sought to avoid stigma and to
promote inclusion. The costs of offering such programs are diminished because, at the levels
of quality usually proposed, the affluent are much less likely to use them.'® The programs
discussed in this paper are less attractive to them because they have better alternatives.

Table 3.1 summarizes the programs we discuss and their basic features. We present de-
tailed descriptions of these programs in Sections 3.3-3.5 and Appendices A and B. Section 3.3
discusses the evidence from four experimental evaluations of demonstration programs: (i) the
Perry Preschool Project (PPP); (ii) the Carolina Abecedarian Project (ABC); (iii) the In-
fant Health and Development Program (IHDP); and (iv) the Early Training Project (ETP).
Instead of just reporting estimates from the literature, or doing a meta-analysis, we conduct
a primary analysis of each program using a standardized format. We could not discuss the
Chicago Parent-Child Program (Reynolds et al., 2011) in our analysis because we do not
have access to the most updated and complete data for this program on which claims about
its effectiveness are based . The PI has not cooperated to help us replicate its reported find-
ings. Our access to data for the Nurse Family Partnership (NFP; Olds, 2006), is similarly
restricted.

We consider the evidence on Head Start in Section 3.4. Eligibility for it is means-tested

primarily on the basis of family income. Centers are free to pick their curricula and there

4Universal programs are defined as programs available to all children in a geographical area with only
age as an eligibility criteria. Because they are voluntary, participation in universal programs is far from
universal. For example, the take-up of the two major universal state programs in Georgia and Oklahoma
for the years they are studied is 59% and 74%, respectively (Cascio and Schanzenbach, 2013). Within these
programs, 65% and 66% of participating children were low-income as measured by eligibility for free or
reduced price lunch, which is offered to children whose families are at or below 185% of the federal poverty
line. We discuss preschool take-up by socio-economic status further in Section 3.5.

15Program costs would be diminished further if the affluent who used them were charged user fees, as some
have proposed (Heckman, 2008).
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is a lot of variety in the programs offered. We also discuss the evidence from a recently
evaluated means-tested statewide program that shares some features in common with Head
Start.16

The evidence on the benefits of universal programs discussed in Section 3.5 comes from:
(i) national programs in Canada and Norway; (ii) state programs in Oklahoma and Geor-
gia; and (iii) a recent universal program in Boston. Section 3.6 discusses non-experimental
evidence on the importance of quality environments in promoting child development. We
summarize our findings in Section 3.7.

The goal of this paper is to distill general lessons from the literature that can guide
policy and not to endorse or attack any particular program. The literature is often marred
by a “treatment effect” mentality that sees evaluation research as an up or down statement
about whether a particular program “works” and not why it works or does not work. Our
approach is to understand the mechanisms underlying successful early childhood education
programs with an eye toward designing future approaches that improve on current practice.
With this goal in mind, we next present a framework for interpreting the evidence within a

general model of human development.

3.2 A Framework for Interpreting the Evidence

Before turning to our review of the literature, we present the guiding principles of this essay.
We first discuss a dynamic model of skill formation based on Cunha and Heckman (2007,
2009). It provides a framework for understanding the effectiveness of early interventions for
disadvantaged children. We next consider arguments for public provisions of interventions.
We then discuss how the availability of alternative childcare options affects the interpretation

of the evidence from interventions.

16The Tennessee Pre-Kindergarten Program (Lipsey et al., 2015).
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3.2.1 The Formation of Skills Over the Life-cycle

Cunha and Heckman (2007, 2009) develop a model of the evolution of skills over the life-
cycle. The central ingredient of this model is the technology of skill formation, graphically
represented in Figure 3.1. At life cycle stage ¢, parental skills (6)), investment (I;), and

child skills (8;) determine the skills in the next period ¢ + 1 (0¢41).17

Figure 3.1: Graphical Representation of the Technology of Skill Formation

‘ Parental Background | ‘ Investment | ‘ Skill | ‘ Stage of Life Cycle|

e
0/ 6,)

T 0D Early Childhood

\‘ Adulthood

Note: This figure illustrates the technology of skill formation, where links in the technology are represented
by arrows. Dots represent periods that are not depicted in the diagram.

Parents affect their children in multiple ways. Parents with greater parenting skills (67)
create warm, supportive, fostering environments independent of their financial resources, the
volume of time spent with children in direct instruction, or child development. Parents with
greater financial and time resources can invest more in goods (e.g., tuition for pre-K) and
time (e.g., taking a child to the zoo) captured by vector I;. Whether they choose to do so

depends in part on their preferences.'®

17t = —1 corresponds to the prenatal years.

18Gee, e.g., the review of the literature on parental preferences for child outcomes in Heckman and Mosso
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Income is often used as a measure of child poverty, but it is a very crude one. An
affluent but indifferent parent can provide an impoverished early childhood environment.
Financially strapped families can nonetheless provide strong family environments through
their attachment, warmth, and investment in time and caring. Public programs attempt to
bolster both I; and 8F and also to provide information to parents. While this paper focuses
on “means-tested” programs, readers should recognize the inadequacy of equating childhood
poverty with poverty in money income.”

The process of skill formation is dynamic and builds on itself. In the technology of skill
formation, current stocks of skills help create future stocks of skills over the life-cycle, and
future skills have intergenerational impacts. These dynamic relationships make early life an

important period because it lays the foundation for building skills later in life. The following

points are established in the recent literature.

1. Skills are multiple. Individuals have many life-relevant skills beyond the cognitive skills
measured by IQ and achievement tests. These additional skills are variously referred
to as non-cognitive skills or character skills. They also include health and mental
health. They are important predictors of successful lives. These skills are important
to different degrees in different life tasks. Early education programs promote these
skills. In assessing the success or failure of any intervention, a full inventory of the

skills affected is an essential part of any reliable evaluation of it.2°

2. Skills are self-productive and complement each other. Between any two periods in the
life of a child, t and ¢ + 1, a child’s stock of skills builds on itself (“skills beget skills”).
Skills are not only self-productive but also promote the production of other skills. Skills
are said to complement each other in period ¢ when together they promote skills in

period t+1 more than each skill alone. Cognitive skills, non-cognitive skills, and health

(2014b).
19Gee Mayer (1997) and Heckman and Mosso (2014b).
20Heckman and Kautz (2012b, 2014).
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in period t complement each other and produce cognitive skills, non-cognitive skills,

and health in period ¢ + 1.2

3. Skills complement investment. By fostering early-life skills, early childhood education
establishes a foundation which facilitates the accumulation of skills later in life.?? Early
childhood education promotes life-cycle skill development by increasing the stock of fu-
ture skills that promote the productivity of future investment. This feature of life-cycle
investment is called dynamic complementarity. Under conditions confirmed empirically
in Cunha et al. (2010b), it is more productive to invest in disadvantaged children early
in life than to remediate disadvantage later in life. This arises from the complementar-
ity between later-life skills (acquired by early-life investment) and later-life investments.
Enriched, early-life investment helps disadvantaged children capture many of the same
benefits of later-life investment that are experienced by their more advantaged peers.
The flip side of dynamic complementarity is that it is harder to remediate early dis-
advantage at older ages. Investment at later ages in adolescents lacking a strong early

skill base is often much less productive than investment at early ages.?

These features of the technology of skill formation help to explain why supplementing parent-

ing skills and the quality of investment offered to disadvantaged young children are socially

fair and economically efficient strategies.?*

3.2.2 Arguments for Subsidizing Early Childhood Education Pro-

grams

Many arguments have been made for subsidizing early childhood programs for disadvantaged

families. Heckman and Mosso (2014b) summarize the literature.

21See, e.g., Heckman and Mosso (2014b).

22Cunha and Heckman (2008b); Cunha et al. (2010b).
2See Heckman and Kautz (2014).

24 Heckman and Mosso (2014b).
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All of the arguments build on the evidence that early childhood environments have
profound consequences on the lives of children, and affect the entire society through reduced
crime, enhanced health, greater educational attainment, and greater social engagement.
Adverse early childhood environments create externalities—effects on society as a whole—
that parents (for whatever reason) do not act on or internalize. The exact reasons for deficits
in early investment are debated. There are three classes of arguments.

Some point to borrowing constraints facing disadvantaged families that have become
more pronounced in recent decades with declining real wages for less educated workers and
that are exacerbated by rising tuition costs (see Caucutt and Lochner, 2012 and Duncan and
Murnane, 2014). Under this argument, parents under-invest in children because their cost of
investing is greater than the social cost of funds. With the growth in single-parent families
and the need for women to work to support their families, time constraints on parents have
also increased.

The evidence on the importance of borrowing constraints is hotly debated (see, e.g.,
Mayer, 1997 and Heckman and Mosso, 2014b). As previously noted, more than money
is involved in creating nourishing, productive child environments. The evidence that cash
transfers to disadvantaged families have important effects on child development is weak.

Other information-based arguments have been advanced that note the importance of
family knowledge of best practice child rearing.?> There is considerable evidence that dis-
advantaged parents lack the information required to be effective parents. Many programs
(ETP, IHDP, PPP) are based on this premise and it is one reason for home visiting pro-
grams. It is a justification for using in-kind transfers of information and direct supplements
to parenting, rather than simple cash transfers.

More controversial is the argument that parents lack sufficient altruism/concern for their
children. This paternalistic argument has evident merit in the case of abusive parents, or

parents who deny children access to opportunities that would give them options the parents

25See Cunha et al. (2013) and Cunha (2015) for recent evidence on this question.
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do not wish them to exercise (e.g., high school education for Amish children).

This paper does not evaluate the merits of these separate arguments. But the evidence
shows that in contemporary American society, disadvantaged children face adverse child
rearing environments, and high-quality targeted in-kind policies that have been implemented

are effective.

3.2.3 Two Policy Evaluation Questions

In evaluating program impacts on skill development, researchers must be careful in under-
standing what the evidence reveals. Families differ in terms of the quality of the early
environments offered to their children. Researchers need to distinguish between two ques-
tions when evaluating program effectiveness. The first question is: What is the causal effect
of an early childhood education program relative to a particular childcare alternative, where
one of these alternatives might be no treatment at all? The second question is: What is the
causal effect of adding a program to the available choice set?%°

The first question addresses the effectiveness of a policy that offers a particular early
education program compared to a particular alternative, e.g., home care. The second ques-
tion addresses the effectiveness of expanding the choice set available to parents, i.e., adding
one more alternative. Most of the evaluations we consider answer the second question, even
though answers to it are often treated as answers to the first.?”

These questions are often confused. In particular, estimating the causal effect of ex-
panding the availability of choices—making a new program available—and interpreting such
estimates as statements about the effectiveness of that program compared to no program
at all, might suggest that a program is ineffective. If the control group of a study has

access to alternatives that are good substitutes for the program being studied, and if the

researcher erroneously assumes that the relevant alternative to the program being evaluated

26See Heckman and Vytlacil (2007).
2THeckman et al. (2000) discuss these problems under the rubric of “substitution bias.” See also Heckman
(1992).
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is home childcare and not some higher quality alternative, then there would appear to be no
causal effect of the program’s availability—even though the program may be highly effective
compared to home child care.?

This type of error is made in many evaluations of Head Start—particularly, in evaluations
that use data from the Head Start Impact Study (HSIS). The control group in HSIS had
access to treatment substitutes, which sometimes include other Head Start centers. Studies
that ignore the availability of program substitutes find weak effects.?? Studies that account
for the substitutes available find moderate to strong effects of Head Start compared to no
program at all on measures of cognitive skills and non-cognitive skills.?"

We discuss this evidence in detail in Section 3.4 after discussing the evidence from
demonstration programs. A discussion of these programs is relevant to our analysis of Head
Start. The curricula of these programs are embedded in versions of the curricula used in
Head Start centers, although they are funded at lower levels than in the original programs.

Our evidence on demonstration programs offers indirect evidence on the possibilities for

success of an enriched Head Start program.

3.3 Evidence from Demonstration Programs

This section analyzes the evidence from the demonstration programs listed in Table 3.1.
We conduct a new primary analysis of the four programs listed there rather than just a
meta-analysis of existing studies. We first present the common features of the demonstra-
tion programs we analyze and our criteria for selecting them. We then describe them in
Subsection 3.3.2. We discuss common methodological issues that arise when analyzing these
programs in Subsection 3.3.3. In Subsection 3.3.4 we present evidence on the short-term
effects from these programs. We present evidence on long-term effects in Subsection 3.3.5.

Subsection 3.3.6 relates the short-term findings to the long-term findings. Subsection 3.3.7

28See Heckman et al. (2000).
2Puma et al. (2012).
30Feller et al. (2016); Kline and Walters (2014) and Zhai et al. (2014).

100



discusses cost-benefit analyses for two major demonstration programs, PPP and ABC. Sub-

section 3.3.8 summarizes the discussion.

3.3.1 The Characteristics of the Demonstration Early Childhood

Programs

The early childhood demonstration programs we consider are targeted social experiments
designed to bolster various aspects of the early lives of disadvantaged children. Assignment
to treatment is randomized, although non-compliance and attrition can compromise the
inference from any randomization. These programs are all means-tested, though they have
different eligibility criteria.

The evidence on demonstration programs is not always comparable across programs,
because they differ in terms of data availability, eligibility, quality, duration of treatment,
length of follow-up, and other characteristics. Careful analysis is required in making valid
cross-program comparisons of program effects. We discuss program differences and iden-
tify common components. The demonstration programs considered here have the following

common features:

1. They are center-based. This section focuses on four center-based programs: (i) the
Perry Preschool Project (PPP); (ii) the Carolina Abecedarian Project (ABC); (iii) the
Infant Health and Development Program (IHDP); and (iv) the Early Training Project
(ETP).*!

2. They are means-tested. The programs we consider are all means-tested, although they

31We do not consider three important programs outside of the US: the Mauritius Study, due to its excessive
attrition by age 40 (58%) (Raine et al., 2010), the Turkey Early Enrichment Program, also due to its excessive
attrition by age 26 (49%) (Kagitcibasi et al., 2009), and the Jamaica Study (Gertler et al., 2014), which
focused primarily on nutrition and home visits. We do not consider the Nurse Family Partnership program
because it focused mainly on prenatal care (Olds et al., 1986, 1994; Eckenrode et al., 2010; Heckman et al.,
2014). Other programs in the US that we do not consider include the following: the Milwaukee Project,
because data are unavailable (Page, 1972; Sommer and Sommer, 1983; Garber, 1988; Gilhousen et al.,
1990); the Even Start Program (Ricciuti et al., 2004) and the Comprehensive Child Development Program
(St. Pierre et al., 1999, 1997) because of lack of information on childcare alternatives.
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use different eligibility criteria. The evidence on universal programs discussed in Sec-
tion 3.5 shows that early childhood education is particularly effective for disadvantaged

children.

. The programs considered collect measurements on multiple skills and outcomes over
long periods of the life-cycle. It is a common but mistaken practice to evaluate pro-
grams based on outcomes only measured at early ages. Uninformed analysts sometimes
assume that programs are ineffective due to the fadeout in IQ in the short-term eval-
uations that ignore multiple capacities. We evaluate programs using a diverse set of
long-term outcomes that matter for success in life, such as health, education, earnings,

and participation in crime.

. We discuss, where necessary, the consequences of compromised randomization, attrition
of participants from programs or from study samples, the availability of good substitutes
in the control group, and other challenges in conducting evaluations. Compromises
of the initial randomization protocols occur when subjects assigned to treatment or
control status in an experimental protocol switch their initially assigned status or
leave the program or the follow-up surveys. Despite challenges in analyzing the data,

we show that valid, policy-relevant information can be derived from these studies.

3.3.2 Overview of Programs Discussed in This Section

Table 3.2 presents an overview of the programs we study. We discuss their most promi-

nent characteristics in the next few paragraphs and present a more detailed discussion in

Appendix A. The oldest programs we study are ETP and PPP. They began in 1962 and

continued until 1964 and 1967, respectively. ABC is also relatively old, beginning in 1972

and continuing until 1982. The most recent program is IHDP, implemented from 1985 to

1988. PPP and ABC have high-quality data with long-term follow-ups. THDP and ETP

only have follow-ups into young adulthood. ETP, PPP, and ABC shared a common goal of
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preventing “mental retardation” and promoting school-readiness (Weikart, 1967; Gray et al.,
1982b; Ramey et al., 1982; Zigler and Muenchow, 1994).32

The researchers who implemented ETP, PPP, and ABC also created the curricula for
these programs. The staff adapted and improved them while they were being conducted
(Heckman et al., 2015). All three curricula have elements in common: promotion of play-
based and child-directed learning, emphasis on language development, and emphasis on
developing non-cognitive and problem-solving skills. The curricula in IHDP was adapted
from the curricula of both ABC and a spinoff program, the Carolina Approach to Responsive
Education (CARE) (Gross et al., 1997).3

Of these studies, PPP and ABC presently have the longest follow-ups, with data up to
ages 40 and 34, respectively. A follow-up through age 50 of Perry is being collected at the
time of this writing. Both PPP and ETP served preschool-age children and had home visits
with their parents. ABC served children from birth through preschool age. IHDP served
children and had home visits from birth to age 3. ABC had two treatment phases, 0 to 5
and 5 to 8, and correspondingly two rounds of randomization. ABC was the most intensive
program (8 hours per day starting from 1-3 months and continuing to age 8). There were no
home visits in the first phase but parents were encouraged to visit the center. There were
home visits in the second phase. We focus on the first phase (0-5) because there is little
evidence of treatment effects from the second phase.>* While ETP, PPP, and ABC served
relatively narrowly targeted populations, IHDP was more inclusive and served a population
that was far more heterogeneous in terms of race and socio-economic status, although all
children served had low birth-weight.?

All four programs had relatively educated staffs with some experience in education and

32Note that the clinical understanding of mental retardation was once associated with disadvantages that
hindered early life development Noll and Trent (2004).

33 Appendix C provides further details about CARE.

31See Yi et al. (2015) and Campbell et al. (2014).

35Garcfa (2015) compares the IHDP sample with the cohort born in the same year (1985) in the US. The
author finds that THDP individuals are, on average, relatively disadvantaged. The author suggests that this
is a consequence of the correlation between measures of disadvantage: maternal labor supply, household
income, a father’s presence at home, premature birth status, and low birth-weight.
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high teacher-to-child ratios. They varied in the amount of time children spent in the center—
PPP had 2 years of center-based treatment for 3 hours a day and weekly home visits; ETP
had intensive summer school and weekly home visits during up to 3 years, but no year-round
center care; and ABC included center-based care during all of early childhood from birth to
school entry for up to 8 hours per day.

Like ABC, IHDP also began at birth. During the first year, the program provided weekly
home visits. These visits became bi-monthly in the second and third years of treatment.
IHDP provided center-based treatment for up to 9 hours a day for 50 weeks a year in the
second and third years of the program. Both ABC and THDP included medical components—

most prominently regular physical check-ups for the treated children.
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PPP, ABC, and ETP are not strictly means-tested programs. They use varying measures
of disadvantage roughly correlated with income, such as the quality of home environments as
characterized by single parenthood, parental education, and housing density. Additionally,
PPP and ETP were explicitly designed to serve African-American children.

[HDP differs from the other programs in its eligibility criteria. All participants were
premature births (< 37 weeks), low birth-weight (< 2500 grams), and resided, at most,
45 minutes away from the location of the program. While the other demonstration pro-
grams served fairly narrowly defined disadvantaged populations (although the criteria used
differ), IHDP served a population that was more heterogeneous in socio-economic status
and race and only homogeneous in child birth-weight. However, because perinatal health
is related to the socio-economic characteristics of the parents, IHDP subjects were disad-
vantaged compared to the general US population (Garcia, 2015). Table 3.3 describes the
baseline characteristics of the populations served by the four demonstration programs we

study.3

36We describe only the control groups.
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Table 3.3: Control Group Background Characteristics at Baseline, All Programs (Mean
Outcomes)

PPP ABC IHDP ETP

Mean SD  Mean SD Mean SD Mean SD
Black 100% 0% 97% 16% 53% 50% 100% 0%
I1Q, Ages 24 79.02 6.44 90.42 11.46 88.00 20.16 87.29 11.88
Mother’s Age 29.10 6.57 19.89 4.82 24.87 6.00 30.11 8.84
Mother’s Years of Education 9.42 220 10.23 1.84 12.40 2.42 8.96 2.62
Mother Works 20%  40%  73% 45% 34% 47% 40%  49%
Father at Home 53%  50%  29% 46% 56% 50% 8%  34%
Father’s Age 32.81 6.88 23.21 5.91 27.64 6.67 32.82 10.10
Father’s Years of Education 8.60 2.40 10.95 1.76 13.16 2.89 9.59 2.75
Father Works 86% 35% 8™% 34 51% 50 97% 1%
Household Income (2014 USD) i 17,653 10,049 41,868 32,623 i i
Siblings 4.28 259 0.64 1.10 1.02 1.17 3.59 2.21
Treatment 47%  50%  52% 50% 39% 49% 48%  50%

Source: Own calculations. Note: This table displays baseline characteristics of the control group of the
demonstration programs we study. Mother and father’s years of education are counted as the number
of years of schooling completed by the mother and father, respectively, at the time of program entry.
The number of siblings is reported at program entry. PPP: Child’s IQ at age 3 is measured using the
Stanford-Binet Intelligence Scale. ABC: Child’s IQ at age 2 is measured using the Stanford-Binet
Intelligence Scale. Mother’s age is reported at the time of program entry. IHDP: Child’s IQ at age 3
is measured using the Stanford-Binet Intelligence Scale. ETP: Child’s IQ at age 4 is measured using
the Stanford-Binet Intelligence Scale. Test scores are constructed to have a national mean of 100 and
a standard deviation of 15. We only report characteristics of the control group, because for programs
that started at birth (ABC and ITHDP), we do not observe treatment baseline characteristics. House-
hold income was not an eligibility criteria in any of the programs in this table. % indicates this data
was not available.

3.3.3 Possible Limitations in the Evidence from Demonstration

Programs

Age of Programs

The programs we study are valuable for analyzing the effectiveness of early childhood edu-
cation because long-term follow-ups of their participants are available. Though it is natural
to question the relevance of older programs to current policy, we argue that the lessons from
them are still highly relevant.

The basic principles of enhancing the investments in, and the environments of, disad-
vantaged children that were laid down fifty years ago remain intact. Objections to relying on

evidence from early high-quality programs are made by analysts who think that the outcome
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of an evaluation study should be an up or down assessment of that program, rather than a
contribution to understanding the general principles from multiple programs that can guide
the construction of future programs. The effectiveness of any particular program is presum-
ably a lower bound on the effectiveness of new programs that build on and improve that
program. Evidence for the success of a program should not be a call for slavish application
of that program.

We make four additional points on the relevance of the evidence from older programs.
First, all of the demonstration programs we analyze have school-readiness as a main goal.
This goal is shared with most contemporary early education programs. Second, the suc-
cess of some of these demonstration programs influenced the creation and design of the
most important current early childhood education programs. ETP and PPP influenced the
creation of Head Start (Zigler and Muenchow, 1994), and ABC motivated policymakers to
consider programs that targeted even younger children and inspired the creation of Early
Head Start (Schneider and McDonald, 2006). Third, and most important, as documented
in Section 3.4.1, although demonstration programs were very high-quality for their time,
they bear strong resemblance to current high-quality early childhood education programs
in terms of their structure, staffing, and curricula. For example, a version of HighScope
is the second most commonly used curriculum in Head Start, utilized by roughly 30% of
Head Start centers.?” Contemporary programs share other features with the programs we
study, such as teacher-to-child ratios (Heckman et al., 2014). Finally, some of the programs
studied have long-term follow-ups. Understanding the impacts of early childhood education
on skill formation requires analysis of effects on adult outcomes. This research requirement
necessitates analysis of older programs. Positive long-term outcomes are a strong indication

of a well-designed program.

370ur own calculations using HSIS data.
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Small Sample Sizes

Samples are often small. Several recent studies use exact small sample inference to estimate
multiple treatment effects with precision, even when dividing samples by gender and account-
ing for the biases arising in testing multiple hypotheses (“cherry picking”).?® Application
of small sample inference methods produces results that are often not substantively differ-
ent from the results using bootstrap or standard asymptotic inference procedures (Heckman
et al., 2010c; Campbell et al., 2014). The methodologies employed to analyze IHDP, PPP,

and ABC are conservative.

Control Contamination

The extent to which the control group received center-based care varies across ETP, PPP,
ABC, and THDP. There was no control contamination in ETP or PPP because of a lack
of center-based substitutes, whereas there was control contamination in ABC and IHDP
which were launched after Head Start was founded. In ABC, the control group had access
to non-center-based and center-based childcare, especially during ages 0-5 (Garcia et al.,
2015). This included high-quality care provided in churches and even care at one Head Start
center. In THDP, 39% of the children attended substitute programs, though their quality is
unknown (Garcia et al., 2014). None of the studies we discuss address the issue of control
contamination, even though most of the control groups had access to high-quality alterna-
tives. This practice makes conservative reported estimates of the effects of the programs

(compared to the home alternative).

38See Romano et al. (2010). If a 10% significance level is used in a sample with 100 outcomes, and thus
100 null hypotheses of no treatment effects, roughly 10 would be “statistically significant” even if all null
hypotheses are true, i.e., treatment had no effect on any outcome. Heckman et al. (2010c); Gertler et al.
(2014); Campbell et al. (2014) and Heckman et al. (2014) use methods to correct for this multiplicity of
hypotheses.
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Attrition and Non-Response

PPP and ABC data are used for assessing long-term benefits because they have high-quality
follow-ups. Follow-ups are available through age 40 in PPP and through age 34 in ABC.
Attrition and non-response complicate the interpretation of the evidence. Reliable analyses

adjust for these features of the data.

3.3.4 Effects on IQ, Achievement Test Scores, and Conscientious-

ness

Table 3.4 presents estimated treatment effects on early 1Q, early and late achievement test
scores, and early conscientiousness pooled over genders. Tables 3.5 and 3.6 display the same
information by gender. We adjust all test statistics for the effects of multiple hypothesis
testing using procedures applied in Heckman et al. (2010c). We base our interpretation on
non-parametric, permutation-based, one-sided p-values to test if the programs had positive
effects on the outcomes described. However, we also report results using two-sided tests.
Effects are shown for two measures of cognition: I1Q and achievement test scores. All effects
are presented in units of standard deviations. In the case of IQ, we follow the convention and
use standardized scores that normalize the population mean and standard deviations of 100
and 15, respectively. Also shown are effects on conscientiousness, a non-cognitive skill that
is of interest due to its low correlation with cognition and high correlation with important

later-life outcomes (Borghans et al., 2008; Heckman et al., 2014).
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All programs have positive effects on early measures of 1Q. For both females and males
in PPP, this effect is approximately 3/4 of a population standard deviation. The effects
are also sizable for ABC and IHDP. For ETP, the effects are weaker—less than 1/2 of a
standard deviation. Nevertheless, these effects are substantial compared to the short-term
effects reported for Head Start and for the universal programs discussed in Sections 3.4 and
3.5, respectively.

In contrast to the IQ measures, the achievement measures used weight both cognitive and
non-cognitive skill components more equally.®® Achievement outcomes for ABC and PPP
are strong. There is evidence of program effects on non-cognitive skills, but the different
programs do not report strictly comparable measures. Furthermore, defining and measuring
non-cognitive skills accurately is an open challenge that presents difficulties in detecting

effects even when they are present.

Fadeout of Effects for Cognitive Skills

A general pattern for IQ and achievement test scores is that they tend to surge while children
are in pre-K and then fade. In some cases, they completely dissipate. In two documented
cases, 1Q effects persist long after school entry: for the whole ABC sample (see Appendix
D) and for some subgroups of IHDP (Duncan and Sojourner, 2013b). Even in those cases,
the impacts during the program were stronger than the long-term impacts. All other studies
in this paper that report the dynamics of impacts on test scores find that 1Q or achievement
gains dissipate. This is true for other demonstration programs (Weikart, 1970; Gray et al.,
1982b), Head Start (see Deming, 2009; Zhai et al., 2014), and state programs (see Lipsey
et al., 2013).

Figure 3.2a illustrates the fadeout phenomenon using evidence from PPP. 1Q tests are
usually scaled to show the level of a child relative to that of the overall population of their

age. The decrease in standardized IQ for children in the treatment group after entering

39See Heckman and Kautz (2012b).
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elementary school indicates that the gap between them and an average US child increases.
The figure does not reveal whether skills gained by the treatment group depreciate or those
gained by the control group catch up. Figure 3.2b presents the raw scores in terms of total
questions answered. They increase uniformly during childhood (Hojman, 2015). Additional
figures illustrating the evolution of IQ and achievement scores over the life-cycle are presented
for all programs in Appendix D.

Hojman (2015) analyzes the causes of fadeout in cognition measured by 1Q for PPP and
ETP. He finds that the gains experienced by the treatment group occur rapidly during the
first months of treatment and are followed by small or zero gains in the subsequent years
of treatment. He also finds that almost all of the fadeout happens during the first year
of elementary school. The gap between treatment and control groups narrows because the
control group gains more from schooling. Measured IQ improves as a direct consequence of
the initial formal educational experiences and the increase is roughly independent of the age
at which entry into preschool or formal education begins. The laggard growth of 1Q for all
disadvantaged children may be consequences of the low quality of the schools they attend,
the lack of stimulation in their home environments, or some combination of those factors.

The precise causes are not known.
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Figure 3.2: Dynamics of 1Q in PPP

(a) Standardized I1Q (b) Raw 1IQ
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Source: Reproduced from Hojman (2015). Note: The solid line represents the trajectory of the treated
group, and the dotted line represents the trajectory of the control group. Thin lines surrounding
trajectories are asymptotic standard errors. It shows standardized 1Q as measured by the Stanford-Binet
test in each year. IQ is age-standardized based on a national sample to have a US national mean of 100
points and standard deviation of 15 points. In Figure 3.2b, the scores are not standardized. The scores in
it represent the raw scores, or the sum of the number of correct questions in each year.

Differences by Gender

A consistent finding across all four programs is the difference in treatment effects for males
and females. This difference is substantial enough to create important gender differences
in both benefit-cost ratios and internal rates of return for PPP and ABC. This pattern is
consistent with the literature on differences in development between girls and boys.*® Girls
develop earlier. Uniform curricula across genders appears to benefit the laggard boys on
many dimensions, but girls benefit as well, as we document in our discussion of the long-
term treatment effects of ABC and PPP. In addition, all programs (except IHDP) target
ages 3—4 when aggressive behavior that predicts adult aggression and participation in crime
begins to manifest itself (White et al., 1994). Gender-specific curricula in preschool may be

an appropriate strategy.

40Lavigueur et al. (1995); Kerr et al. (1997); Masse and Tremblay (1997); Nagin and Tremblay (2001);
Bertrand and Pan (2011).
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Treatment Effect Heterogeneity by Socio-Economic Status

IHDP served a more heterogeneous population compared to the other demonstration pro-
grams. A consistent policy-relevant finding for this program is the heterogeneity in treatment
effects across socio-economic groups. The literature finds much higher treatment effects for
the low-low birth-weight children (< 2000 grams) when compared to the effects for the high-
low birth-weight children (> 2000 grams, < 2500 grams).*! For example, the effects on 1Q
at age 18 are negative but not statistically significant for the latter and are significantly
positive for the former. Treatment effects are also heterogeneous by socio-economic status.

Brooks-Gunn et al. (1992) discuss the effects of the programs on IQ) at age 3 and find
that children whose mothers had a college degree or higher experienced no treatment effects
on IQ, while children with relatively uneducated mothers had sizable effects. A recent study
shows that program effects on 1Q exhibit a gradient corresponding to household income,
suggesting that poorer children experience the greatest benefits. Duncan and Sojourner
(2013b) find that at age 2, the treatment effect for cognition accounts for .82 standard
deviations for children of families with relatively low income with a standard error of .30,
while the estimated effect is .46 for children of families with relatively high income with a

standard error of .23.

3.3.5 Long-Term Outcomes

PPP and ABC are the only demonstration programs with follow-up during adulthood. A
summary of their most important effects is given in Table 3.7, which is based on results from
Heckman et al. (2010c, 2013b); Campbell et al. (2014), and Garcia et al. (2015). The results
reported in the table are statistically significant after accounting for multiple hypotheses
testing across relevant, related outcomes. PPP caused a 56% increase in the high school

graduation for females and a 29% increase in employment at age 40 for males. Other bene-

41Brooks-Gunn et al. (1994); McCormick et al. (2006).
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ficial effects include criminal activity, employment, health behavior, and welfare take-up. In
general, the table shows that PPP and ABC had statistically significant positive outcomes
that persist into adulthood. Non-cognitive outcomes are notably absent due to lack of data.
In PPP and ABC, and for early education programs in general, non-cognitive skills are not

typically followed in the long term.
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Table 3.7: Life-Cycle Outcomes, PPP and ABC

PPP ABC
Age Female Male Age Female Male

Cognition and Education
Adult IQ - - - 21° 10.275 2.588
- - - (0.005)  (0.130)

High School Graduation 192 0.56 0.02 21¢ 0.238 0.176
(0.000)  (0.416) (0.090)  (0.100)
Economic
Employed 40% -0.01 .29 30°¢ 0.147 0.302
(0.615)  (0.011) (0.135)  (0.005)
Yearly Labor Income, 2014 USD 40* $6,166 $8,213 30°¢ $3,578 $17,214
(0.224)  (0.150) (0.000)  (0.110)
HI by Employer 40 0.129 0.206 31b 0.043 0.296
(0.055)  (0.103) (0.512)  (0.035)
Ever on Welfare 18-27% -0.27 0.03 30°¢ 0.006 -0.062
(0.049)  (0.590) (0.517)  (0.000)
Crime
No. of Arrestsd <40% -2.77 -4.88 <34¢ -5.061 -6.834
(0.041)  (0.036) (0.051)  (0.187)
No. of Non-Juv. Arrests <40* -2.45 -4.85 <34° -4.531 -6.031
One-sided permutation (0.051) (0.025) (0.061) (0.181)
Lifestyle
Self-reported Drug User - - - 30°¢ 0.031 -0.438
- - - - (0.590)  (0.030)
Not a Daily Smoker 27% 0.111 0.119 - - -
(0.110)  (0.089) - - -
Not a Daily Smoker 40* 0.067 0.194 - - -
(0.206)  (0.010) . . .
Physical Activity 40% 0.330 0.090 21P 0.249 0.084
(0.002)  (0.545) (0.004)  (0.866)
Health
Obesity (BMI >30) - - - 30-34° 0.221 -0.292

- - - (0.920)  (0.060)

Hypertension I - - - 30-34° 0.096 0.339
- - - (0.380)  (0.010)

Source: * Heckman et al. (2010c). ® Campbell et al. (2014). © Garcia et al. (2015). Note: This table displays
statistics for the treatment effects of PPP and ABC on important life-cycle outcome variables. Hypertension
I is the first stage of high blood pressure—systolic blood pressure between 140 and 159 and diastolic pressure
between 90 and 99. “HI by employer” refers to health insurance provided by the employer and is conditional
on being employed. d “No. of Arrests” includes offenses in the case of ABC, even where more than one of-
fense was charged per arrest. For the further definitions of the outcomes, see the respective web appendices
of the cited papers. Outcomes from Heckman et al. (2010c) are reported with one-sided p — value which is
based on Freedman-Lane procedure, using the linear covariates of maternal employment, paternal presence
and SB (Stanford-Binet) IQ, and restricting permutation orbits within strata formed by a Socio-economic
Status index being above or below the sample median and permuting siblings as a block. p — values for the
outcomes from Campbell et al. (2014) are one-sided single hypothesis constrained permutation p — value’s,
based on the IPW (Inverse Probability Weighting) t-statistic associated with the difference in means be-
tween treatment groups; probabilities of IPW are estimated using the variables gender, presence of father in
home at entry, cultural deprivation scale, child IQ at entry (SB), number of siblings and maternal employ-
ment status. p — values for the outcomes from Garcfa et al. (2015) are bootstrapped with 1000 resamples,
corrected for attrition with Inverse Probability Weights, with treatment effects conditioned on treatment
status, cohort, number of siblings, mothers IQ, and the ABC high risk index.
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3.3.6 Connecting Short-Term and Long-Term Effects

Dissipation of initial IQ) gains is a common finding across programs. In some cases, IQ gains
completely dissipate by the teenage years. Analysts focusing solely on IQ as a measure of
program effectiveness confront a puzzle: Why do early childhood education programs have
long-term effects if the effects on 1Q) dissipate? Heckman et al. (2013b) present a solution to
this puzzle by considering the process through which skills form and develop. They find that
program effects on non-cognitive skills are important determinants of later-life outcomes.*?
This conclusion highlights the importance of skill formation as a multi-skill dynamic process
in which different skills complement each other.

Heckman et al. (2013b) decompose the effects of PPP on later-life outcomes using a
mediation analysis. The results of this are reported in Figures 3.3 and 3.4.%3 They find that
boosts in non-cognitive skills are substantial determinants of long-term effects. For females,
academic motivation mediates 30% and 40% of the effects on achievement and employment,
respectively. Further, reductions in externalizing behavior explain 65% of the reduction
in lifetime violent crimes and reduce lifetime arrests and unemployment by 40% and 20%,
respectively. There are persistent effects of boosts in non-cognitive skills even though in the

short run, cognitive effects fade out.

42We use the term mediation analysis to refer to the exercise of decomposing effects of policies or programs
on an outcome into distinct components. The outcome is usually thought of as an output and the components
are the inputs generating this output. For a formal definition and analysis, see Heckman and Pinto (2015).
43See Heckman et al. (2013b).
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Figure 3.3: Decompositions of Treatment Effects of PPP on Male Adult Outcomes

0.161

CAT total at age 14, end of grade 8 (0.566*)

0.071
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0.071
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Monthly income, age 27 (0.876**)
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0.136

# of misdemeanor arrests, age 40 (-3.13**)

# of felony arrests, age 40 (-1.14*)
0.086 0.149

# of adult arrests (misd.+fel.), age 40 (-4.26**)

# of lifetime arrests, age 40 (-4.20%)

0.085 0.018

Employed, age 40 (0.200**)

0% 20% 40% 60% 80% 100%
# Cognitive Factor = Externalizing Behavior &= Academic Motivation Other Factors

Source: Reproduced from Heckman et al. (2013b). Note: The total treatment effects are shown in
parentheses. Each bar represents the total treatment effect normalized to 100 percent. One-sided

p — values are shown above each component of the decomposition. See the Web Appendix of Heckman
et al. (2013b) for detailed information about the simplifications made to produce the figure. “CAT total”

denotes California Achievement Test total score normalized to control mean 0 and variance of 1. Asterisks
denote statistical significance: * — 10% level; ** — 5% level; *** — 1% level. Monthly income is adjusted to
thousands of 2006 dollars using annual national CPI.

Figure 3.4: Decompositions of Treatment Effects of PPP on Female Adult Outcomes

CAT total, age 8 (0.565%)
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Source: Reproduced from Heckman et al. (2013b). See note in Figure 3.3.

122



Conti et al. (2015) conduct a similar analysis for both PPP and ABC but focus on health
outcomes. According to their findings, externalizing behavior is the primary mediator for
the outcomes found in PPP, which is consistent with the findings in Heckman et al. (2013b).
For ABC, they find that task orientation and childhood BMI mediate approximately half
of the improvements in blood pressure and hypertension found for males in the treatment

group. Figures 3.5a and 3.5b illustrate the results from their mediation exercises.
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Figure 3.5: Decompositions of Treatment Effects of PPP and ABC on Male Adult Outcomes

(a) PPP
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Source: Reproduced from Conti et al. (2015). Note: This graph provides a simplified representation of the
results of the dynamic mediation analysis of the statistically significant outcomes for PPP and ABC. Each
bar represents the total treatment effect normalized to 100%. One-sided p — values that test if the share is
statistically significantly different from 0 are shown above each component of the decomposition. The
mediators displayed are: externalizing behavior, as in Heckman et al. (2013b) among the early childhood
inputs; and income as in Heckman et al. (2010c¢) among the adult inputs. The complete mediation results
and the definition of each outcome is reported in the Web Appendix of Conti et al. (2015). The sample the
outcomes refer to (M = males; F' = females) and the age at which they have been measured (y.o. = years
old) are shown in parentheses to the left of each bar, after the description of the variable of interest. ***:
significant at the 1% level; **: significant at the 5% level; *: significant at the 10% level.

Garcia (2014) decomposes the ABC treatment effects pooling males and females. He
analyzes three outcomes at age 30: high school graduation, ever being enrolled in a four-year

college, and employment. See Figure 3.6. He shows that the more relevant the outcome is
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for economic success, the less it is mediated through cognition and the more it is mediated

through non-cognitive skills.

Figure 3.6: Decompositions of Treatment Effects of ABC on Male and Female (Pooled)
Adult Outcomes

High School Grad at 30 0.50

Treatment Effect: .189 (p-value: .027)

Ever 4 Yr College at 30 0.52

Treatment Effect: .193 (p—value: .016)

Employment at 30
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B 2 Unobserved Skills Level [ if p-value < .10

Source: Own calculation. Note: This plot decomposes the total treatment effect ABC has on graduating
high school, ever enrolling in a four year college, and employment at age 30. The figure presents the
components of Laspeyres decomposition of the relevant outcome on a measure of cognition and a factor
summarizing character skills. Cognition is measured at age 21 using the Woodcock-Johnson Test of
Achievement. Character is measured at age 15 by a factor created using measures of conscientiousness.
The numbers inside the bars represent the proportion explained by each component. They do not sum to
1, because the decompositions condition on socio-demographic variables which are not displayed above. See
Garcfa (2014) for more details.

3.3.7 Cost-Benefit and Rate of Return Analyses

Cost-benefit and rate of return analyses produce concise, policy-relevant statistics for as-
sessing the social benefits of programs. While there is a vast literature evaluating treatment

effects for demonstration programs, cost-benefit analyses are scarce (Currie, 2001b). This
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scarcity arises from the difficulty in securing the relevant data. Cost-benefit analyses require
comprehensive data in order to account for impacts over the life-cycle. Very few programs
have been evaluated rigorously using cost-benefit analysis. In fact, only PPP and ABC have
the data required to conduct such exercises, accounting for the variety of outcomes including
criminal activity, income, and health.

Heckman et al. (2010d) substantially improve on an earlier cost-benefit analysis of PPP
by Belfield et al. (2006) that does not report standard errors, does not disaggregate by gender,
and uses an ad hoc method for forecasting out of sample earnings gains. Heckman et al.
(2010d) use a broader base of data and substantially refine the estimates in Belfield et al.
(2006). Both papers incorporate costs of education and estimates of benefits. Heckman et al.
(2010d) additionally account for the deadweight loss created by collecting public funds. They
calculate standard errors for their estimates. They invoke standard assumptions about the
deadweight losses associated with collecting tax revenue to support programs, the social costs
of crime, and the procedures used to extrapolate future benefits. The range of estimates for
the annual rate of return pooled across genders is 7-10% per annum. The corresponding range
for the benefit-cost ratio is 3.9-6.8. Disaggregating by gender produces higher estimates. All
of these estimates are statistically significant. Their preferred estimates are presented in the
columns under “PPP” in Table 3.8.

Garcfa et al. (2015) present the benefit-cost analysis of ABC through age 35.44 Their
study demonstrates the social efficiency of this program. The benefit-cost estimates are
lower when compared to PPP, in part because the costs of the program are higher. It is
the first study to account for life-cycle gains in health using age 34 biomarkers to project
future health. Other important sources of benefit from the program are gains in parental
income while participants are young, gains in later-life income, and decreases in criminal
activity. The study finds an overall benefit-cost ratio of 3.2:1 and an internal rate of return

of 11%.% When decomposed by gender, the results are much stronger for males because

44This paper extends the methodology in Heckman et al. (2010d).
45The estimates are statistically significant at the 10% level.
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the main benefits are reduced criminal activity and improved health, both of which show
stronger effects for males.*6

Table 3.8 displays the main components of the cost-benefit analyses of PPP and ABC.
Lifetime earnings and health benefits are crucial components of the benefits of ABC, as well
as reductions in criminal activity corresponding to serious crimes for males (Garcia et al.,
2015).47

Gains in parental income are an important component of the returns to ABC because
the program provided care for up to nine hours a day, thus enabling mothers to increase their
labor supply. Early childhood education has effects not only on the children, but also on
the economic lives of their families. It is a form of enriched childcare that enables mothers
to work and to provide additional resources for disadvantaged families. There are likely
intergenerational effects on the children of participants in both programs as well. Data being
collected on PPP will enable analysts to compute the gains to the children of participants
(Heckman, 2015).

Our evidence on the social benefits of ABC and PPP does not suggest that these pro-
grams should be slavishly imitated. It suggests guiding principles for future policy which can
only benefit from the knowledge acquired since the time these programs were implemented.

It shows the promise of such programs and provides a lower bound on what is possible.

46Barnett and Masse (2007) provide an estimate of the benefit-cost ratio for ABC of 2.5:1, but give no
standard error for their estimate, do not aggregate by gender, and use an ad hoc method to forecast future
benefits of treatment. Their calculation does not account for the most recent follow-up of ABC, including
the substantial boost in health of participant males. Its main components are gains on parental income when
the children are young and individual income up to age 21, but their estimates of earnings impacts are not
credible.

4THealth data were not collected for PPP.
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3.3.8 Summary of the Evidence from Demonstration Programs

The evidence on demonstration programs supports several general conclusions. High-quality
early childhood education programs targeted to disadvantaged children have long-term pos-
itive effects on important social and economic outcomes. Although the short-term effects on
IQ tend to fade, a careful examination of program effects on multiple skills and dynamic skill
formation demonstrates how improvements in non-cognitive skills generate lasting effects on
many later-life outcomes. The strong estimated effects and the evidence on social efficiency
supported by cost-benefit analyses provide a strong case for the public provision of high-
quality targeted programs. These programs also provide childcare and facilitate working by

the mothers of disadvantaged children.

3.4 Evidence from Head Start

Head Start is the largest and oldest public early childhood education program in the US.*®
Evidence on it is important for understanding the benefits of early education. There are
multiple evaluations of Head Start based on different methodologies and data sources. Stud-
ies use evidence from both nationally representative datasets and a randomized controlled
trial designed to evaluate Head Start.*’

The evaluations of Head Start report contradictory evidence, in part because they fail
to articulate the different policy questions that they implicitly answer. Ohio University and
Westinghouse Learning Corporation (1969) and McKey et al. (1985) are two highly-cited
studies claiming to find no long-term effects on relevant socio-economic outcomes. On the
other hand, Ludwig and Miller (2007) and others claim that the program recovers its costs

and then some through the gains it creates in the educational attainments of participants.

480ther large-scale, targeted early childhood education programs in the US include the Chicago Parent-
Child Centers and Early Head Start. Reynolds and Temple (1998, 2006), Reynolds et al. (2011), and Love
et al. (2005) respectively evaluate them. Reynolds refuses to release his full data set, so it is impossible to
verify his claims.

49The Head Start Impact Study (HSIS) is reported in Puma et al. (2012).
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As a group, these studies are imprecise about the counterfactuals being estimated. They
typically do not discuss the alternative childcare arrangements available to participants at
the time they were enrolled. This section presents evidence from evaluations with rigorous
methodologies. We discuss studies that address well-defined policy questions that consider
the availability of alternative childcare arrangements. These studies find that Head Start
has positive effects in the short term on measures of cognitive and non-cognitive skills. They
are reinforced by the evidence from several studies evaluating long-term outcomes, using
many different datasets and methodologies, all of which find impacts in substantive adult

outcomes.

3.4.1 Overview of Head Start

Head Start is a means-tested, federal preschool program founded in 1965. It is the largest
ongoing early childhood education program in the US. Children aged 3 or 4 are eligible if
family income is below or at the poverty line (though there is a designated quota for children
whose families are above the poverty line). Children who enter the program at age 3 receive
two years of treatment, which is mainly given in center-based programs. Its objective is to
foster cognitive and non-cognitive development and school-readiness with a “whole child”
approach. It pursues these objectives by granting funds to qualified centers. In turn, these
centers are required to maintain high performance standards.

Performance standards within Head Start mandate minimal quality levels for health,
nutrition, and family partnerships. Head Start centers must verify the child’s health status
and screen for behavioral or mental health problems. Head Start centers also provide services
to parents and families in order to improve the “whole” environments of the children.?
Despite its uniform minimum standards, there is substantial heterogeneity in the quality

of Head Start centers, both in services and in the skills of the staff. While many categorize

Head Start as a high-quality program, we cannot make an absolute judgment of “the” effect

50 Administration for Children and Families, Office of Head Start (2009).
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of Head Start due to the substantial heterogeneity in treatment effects.

Early Head Start

Early Head Start is an offshoot of Head Start. Established in 1994, it serves pregnant
women and children under age 3 who meet Head Start’s income eligibility criteria. All
Early Head Start programs offer full-day, full-year treatment and have center-based and/or
home-visiting components. Like Head Start, it has a “whole child” approach with the goal
of preparing children for future growth and development. Notably, it focuses on nurturing
healthy attachments between children and their parents and caregivers. Both Early Head
Start and Head Start offer transition services to help children adjust and move smoothly
from Early Head Start to Head Start and from Head Start to kindergarten. We do not
review results from Early Head Start due to the scarcity of rigorous evaluations of it, their

short-term follow-up, and high heterogeneity of the treatments offered.?!

Comparability with Demonstration and Universal Programs

Like the demonstration programs previously discussed, Head Start is means-tested and pro-
vides services beyond center-based care. In fact, Head Start shares important features with
PPP and ABC, including curricular and extracurricular program components. There is a
relationship between Head Start and previous early childhood education programs, such as
PPP and ABC. Roughly 30% of the Head Start Impact Study (HSIS) centers use the High-
Scope curriculum, which was developed from the PPP curriculum. This curriculum seeks to

improve school-readiness by targeting age-appropriate developmental tasks such as gross/fine

510ne evaluation of Early Head Start is by Love et al. (2005). They use an instrumental variable approach
to assess the effects of program participation on a variety of outcomes at age 3. Early Head Start had three
types of implementations: (i) center-based programs; (ii) home-based programs; and (iii) mixed approach
programs. When pooling the sample, they find important gains on mental development, cognition, and
some measures of child behavior. Unfortunately, the results are not as clear when the samples are broken
down into type of implementation. The available Early Head Start evaluations do not isolate the effects by
treatment stream. Furthermore, it fails to provide estimates of the effects of the program in the long-term
because data are not available. Given its similarities with Head Start, future evaluations should discuss
whether control contamination is an issue.
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motor, language and literacy, cognitive, and social-emotional development. It emphasizes the
importance of a supportive learning environment and the relationship between caretaker and
child.’? Second, ABC and Head Start share extracurricular components, including medical
and nutritional services. 88% of the children who participated in HSIS received nutritional
services through the program. Some 80% received medical services. ABC and Head Start
also share operational similarities (Puma et al., 2012). 45% of Head Start centers offer care
from birth to age 5 by combining Head Start and Early Head Start.’® Further operational
similarities include access to full-day care and transportation to the center. 68% of children
who participated in HSIS were offered the option of attending full-day care, and 63% had
the option of being transported to the center, as in ABC.%

Head Start also has similarities with the universal programs we discuss in Section 3.5. It
is a wide-ranging program that serves diverse disadvantaged populations. Analyses of Head
Start are not subject to questions of large-scale reproducibility that burden the evidence

from demonstration programs.

3.4.2 Data

There are two sources of evidence on Head Start: (i) HSIS, which is the largest randomized
control trial on early childhood education in the US; and (ii) studies based on nationally
representative observational data, such as the Panel Study of Income Dynamics (PSID; see
Panel Study of Income Dynamics, 2015), the National Longitudinal Survey of Youth 1979
(NLSY79; see Bureau of Labor Statistics, 2015), and the Children of the National Lon-
gitudinal Survey of Youth (CNLSY; see Bureau of Labor Statistics, 2011), which record
participation in Head Start and have long-term follow-up data. As the largest randomized
control trial of an early childhood education program in the US, HSIS is a preferred source of

data for analysts. It does not suffer from the small sample size problems that plague demon-

52Puma et al. (2012).
53 Administration for Children and Families, Office of Head Start (2014).
54Puma et al. (2012).
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stration programs. Moreover, it is nationally representative of Head Start centers across the
nation, which implies generalizability of its results. Yet, it suffers from some major limita-
tions that complicate the estimation of meaningful policy parameters, namely: heterogeneous

treatments across centers, lack of long-term follow-up, and control contamination.

Heterogeneous Populations and Treatment Alternatives

Head Start provides funding to local centers, which attempt to tailor treatment of the prob-
lems of the populations they serve. Thus, the quality of the centers, the populations served,

and the alternatives available to parents vary among centers.

Lack of Long-Term Follow-Up

HSIS has follow-up until age 9 and cannot be used to evaluate long-term effects of Head Start.
Lack of long-term follow-up in HSIS is mitigated by the availability of long-term outcomes
in nationally representative data such as the PSID, NLSY79, and CNLSY. However this
results in an additional limitation on evaluations of Head Start, as long-term evaluations
need to address the methodological challenges of integrating non-experimental data with

experimental data.

Control Contamination

An important challenge emerges from the extensive control contamination that is present in
HSIS. While the control group was denied treatment in the study centers—that is, the cen-
ters participating in HSIS—nothing prevented control (or treatment) families from seeking
alternative options. This alternative could even include other centers providing Head Start.
In fact, 15% of the control group attended other Head Start centers. In the HSIS study,
some 40% of the control group used center-based care. Therefore, estimates of treatment
effects that do not account for control contamination compare Head Start to Head Start for

many participants. Such estimates—unsurprisingly—are close to zero and do not speak to
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the efficacy of Head Start compared to the home care provided by parents.
We present short-term and long-term evidence on the impacts of HS in the following

section. We summarize the evidence from all sources in Table 3.9.

3.4.3 Short-Term Outcomes

Puma et al. (2012) report a battery of mean differences between the treatment and “control”
groups followed in HSIS using data through the age 9 follow-up. They report estimates for
an age 3 cohort and age 4 cohort. The age 3 cohort received at least one year of treatment;
after the first year of treatment, 63% of the treatment group remained at a Head Start center,
and 26% of the treatment group were in some other center-based care arrangement. The
age 4 cohort received only one year of treatment. For both cohorts, they report short-term
positive effects for most measures of cognition which disappear by age 9. There are some
treatment effects for non-cognitive skills, but the measures used are unreliable.® There are
positive effects on parenting quality, especially for the age 3 cohort. Parents of the age 3
cohort spanked their children 14% less than control parents after the first year of treatment;
by the age 6 follow-up, they spanked their children 9% less. The authors report that these
estimates are significant at the 10% level but do not report exact p-values or standard errors.
The control group had access to early childhood education alternatives, including other Head
Start centers, so the reported treatment effect does not compare Head Start to home-based
childcare.

Ludwig and Phillips (2008) use cognitive outcomes measured at the end of the first
year of treatment and attempt to improve the interpretation of the estimates by statistically
adjusting for the presence of control children who attend a Head Start center not in the HSIS
study. To account for differences in enrollment to Head Start in the treatment and control

group, they use a Bloom (1984) estimator to adjust intent-to-treat estimates reported in

55Treatment effects on the same measures of non-cognitive skills vary in sign depending on whether the
measure was parent- or teacher-reported. Parent-reported measures yield favorable treatment effects, while
teacher-reported measures yield unfavorable treatment effects.
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Puma et al. (2005). They find effect sizes of .346 for the age 3 cohort with standard error
.074 and an effect size of .319 for the age 4 cohort with standard error .147.56 Their study
does not address control contamination of other types. These estimates can be understood
as estimates of the effects of offering Head Start in one center: the impact of Head Start
at the center against the next best alternative which may be another Head Start center.
When considering the effectiveness of providing public early childhood education programs
compared to no programs at all, it is not the policy-relevant parameter.

Two recent studies address control contamination in HSIS more systematically. They
relate their estimates to theoretical parameters in order to answer well-defined and relevant
policy questions.’” Both studies provide estimates of the average treatment effects in Head
Start compared to different alternatives available to parents: (i) other preschool programs;
and (ii) home care. Their estimates are based on five exhaustive and mutually exclusive
groups: (i) those who are always Head Start users (11%); (ii) those who are always preschool
users (11%); (iii) those who always keep children at home (12%); (iv) those who enroll in
Head Start®® (20%); and (v) those who stay at home after randomization into the program
(45%).%9

Identification in both papers relies on strong functional form assumptions. Feller et al.
(2016) use a version of the standard econometric selection model and rely heavily on normal-
ity assumptions on the observed variables driving selection into treatment to identify their
reported treatment effects. Kline and Walters (2014) present a much richer interpretive
framework but rely on normality to characterize dependence among choices and outcomes,
although they do not impose normality on the full model as do Feller et al. (2016). These
studies discuss the identification problems present when using a single randomization to

identify the effects of multiple choices.®

56Literacy is measured by the Woodcock-Johnson letter identification test.

STFeller et al. (2016); Kline and Walters (2014).

58“Compliers” in the language of LATE.

59We take these numbers from Feller et al. (2016). Kline and Walters (2014) report very similar percent-
ages.

60See Heckman and Vytlacil (2007) for a general analysis of multiple competing choices and the use of
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Both papers give estimates of the effect of Head Start relative to staying at home,
which is the closest estimate of the parameter assessing the effect of Head Start relative to
no treatment at all. The magnitudes of their preferred estimates on cognition are different:
0.23 of a standard deviation in Feller et al. (2016) (standard error .038) and 0.38 of a standard
deviation in Kline and Walters (2014) (standard error .047).%" Kline and Walters (2014) find
negative selection into the program. Individuals who gain the most are the least likely to
participate. After correcting for selection, the average treatment effect on the population is
as high as 0.47 standard deviations of test scores (standard error .110), which approaches
the effect that demonstration programs have on early measures of cognition. Both papers
conclude that the effect of Head Start is similar to that of the alternative, local, center-based
preschool alternatives and are both better than home care. This underscores the importance
of carefully defining the alternative against which Head Start is compared.

Another recent study (Zhai et al., 2014) uses HSIS data to evaluate the short-term effects
of Head Start. They compare individuals assigned to the treatment group with individuals
assigned to the control group. The control group received care from three alternatives: (i)
parental care; (ii) care from relatives; and (iii) care from another center. For comparison,
they match individuals in the treatment group to three subsamples of the control group
using standard methods for controlling for selection on observables.? They assess measures
of both cognitive and non-cognitive behavior, as reported by the parents. Their findings on
cognition are similar to the findings of Feller et al. (2016) and Kline and Walters (2014). They
find that children who would have been cared for by their parents or relatives benefit the
most from Head Start. The effects sizes on PPVT are .30 (parental care) and .19 (care from
relatives) points at age 3 and .15 (parental care) and .30 (care from relatives) points at age

4, for the respective comparison groups. The evidence is somewhat ambiguous on program

instruments in this context.

510ne of the reasons for this discrepancy is the use of different measures of cognition. Feller et al. (2016)
use the Peabody Picture Vocabulary Test (PPVT), while Kline and Walters (2014) use an index of various
measures.

62Tnverse probability weighting.
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effects for non-cognitive outcomes, but using parent reports, children generally become less
aggressive and hyperactive at ages 3 and 4.9 Teacher-reported measures of non-cognitive
outcomes have negative treatment effects (see Puma et al., 2012). Zhai et al. (2014) do not

report standard errors for their estimates.

3.4.4 Long-Term Outcomes

HSIS has no long-term follow-up. Evaluating the long-run impacts of Head Start requires
use of non-experimental methods. We present results from such methodologies and discuss
their policy implications.

Currie and Thomas (1995b), Garces et al. (2002), and Deming (2009) use longitudi-
nal data in conventional, but controversial, panel data “fixed-effects” models that assume
that the unobserved characteristics driving selection into treatment—and into preschool in
general—are constant across time and are identical across children within families. They
control for access to alternative early education programs to address the problem of control
contamination.

Currie and Thomas (1995b) find short-term effects on cognition for both African-American
and white children. However, these gains fade out for African-American children. Deming
(2009) finds short-term effects for African-American but not for white children, and also
finds a fadeout pattern consistent with that reported in Currie and Thomas (1995b). These
studies are inconclusive about the effectiveness of the program because they do not consider
their benefits on the multiple skills known to be important predictors of life outcomes.

Garces et al. (2002) and Deming (2009) measure treatment effects on outcomes dur-
ing adulthood. Both studies find positive effects on high school completion and college

attendance—the former for white enrollees and the latter for African-American enrollees.

63Bitler et al. (2014) present evidence relevant to our discussion using quantile instrumental variable
methods. Children with relatively low skill endowments or from disadvantaged backgrounds benefit the most
from treatment in Head Start. A serious limitation of these methods is the assumption of rank preservation
in treatment and control distributions. When tested, this assumption is usually rejected. (See, e.g., Cunha
et al., 2005 and Kline and Tartari, 2015.)

137



Garces et al. (2002) document positive effects on crime for African-American participants,
but Deming (2009) finds no effects on crime. Although these studies attempt to account
for selection into treatment, they only allow for a single additive unobserved component
generating selection within the family and across time. Therefore, they cannot determine
if the differences in their results are due to heterogeneity in treatment, problems in the
specification of the models, differences in the populations, or something else.

Ludwig and Miller (2007) exploit variation in access to technical assistance for imple-
menting Head Start in 300 poor counties, offered by the Office of Economic Opportunity
in the 1960s. These counties were 50-100% more likely to participate in Head Start when
compared to similarly situated counties. They find no notable differences in baseline char-
acteristics between their 300 poor counties and their comparison counties. The authors find
that Head Start has beneficial effects on mortality and schooling, although these findings are,
at best, suggestive because they are based on limited data. Their reported effects are iden-
tified by comparing the outcomes in the 300 poor counties with other poor counties where
alternatives to early childhood education are very limited. Their evidence is consistent with
the finding that treatment is especially effective for disadvantaged children.

In the best available study, Carneiro and Ginja (2014) examine the long-term effects
of Head Start by exploiting discontinuities in eligibility rules using the NLSY79 (Bureau of
Labor Statistics, 2015) and the CNLSY79 panel data sets. They show that there are multiple
eligibility thresholds across years, states, family size, and family structure. This distinguishes
their study from standard regression discontinuity designs with a single threshold. They
estimate the marginal effect of relaxing eligibility requirements for different groups of the
population. This methodology is important when relating their findings to policy questions
because it allows for comparison of the effects across individuals with different alternatives.

The authors report long-term positive effects on health behaviors, such as the number
of visits to the doctor, use of medicine, and reduced smoking, as well as on behavioral

outcomes, such as grade repetition and special education. They also find that the program
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reduces obesity at ages 12 and 13, depression and obesity at ages 16 and 17, and crime
at ages 20 and 21. As in the case of demonstration programs, Head Start is judged to
be effective when it is evaluated using multiple outcomes, rather than focusing solely on

cognitive outcomes.

3.4.5 Cost-Benefit Analyses

Although a formal cost-benefit analysis for Head Start is not available, several studies present
limited calculations of the social benefits of the program. Currie and Thomas (1995b) find
that effects on African-American enrollees are not sufficient to recover the costs of the pro-
gram, while the results for whites are sufficient to do so. Ludwig and Miller (2007), Deming
(2009), Kline and Walters (2014), and Carneiro and Ginja (2014) argue that the social
returns of the program are positive. They do not account for many relevant benefit com-
ponents and interpret their results as lower bounds. We consider this evidence as, at best,
suggestive, since it is based on rough calculations and approximations and therefore is less
definitive than the evidence on effectiveness from the demonstration programs. Nonetheless,
it is consistent with their estimate. An example of this sort of analysis is the study by Kline
and Walters (2014), who use the estimated effects reported for the Tennessee Star Study
on earnings to link the short-term effects on cognition to earnings in Head Start.%* Their
calculation is, at best, approximate, because the programs have different objectives and did

not serve comparable populations.®®

64The earnings estimates for their calculations come from Chetty et al. (2011).

65This practice is widely used in the literature. Many of the current analyses of the long-term gains
generated by early education use ad hoc relationships between short-term measurements and long-term
outcomes to forecast future gains from the program (see Barnett and Masse, 2007 and Bartik et al., 2012),
a practice of questionable value. Garcia et al. (2015) present a more principled extrapolation analysis and a
discussion of general procedures.
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3.4.6 Summary of the Evidence from Head Start

We summarize the estimates for Head Start that are reported in the literature in Table 3.9.
As previously noted, the counterfactuals identified in these studies are not clearly specified.
We also present comparable estimated effects from PPP and ABC by way of comparison.
The effects reported in demonstration programs are typically stronger.

It is important to note that: (i) the studies based on HSIS only evaluate the impact of
a single year of Head Start; (ii) the Head Start population is less disadvantaged than the
populations served by ABC and PPP; and (iii) the quality offered at Head Start centers
is heterogenous but on average is probably lower then the quality offered by ABC or PPP.
Thus, it is not surprising that even after control contamination is taken into account, and
a more clearly defined counterfactual identified, the estimated short-term impacts of Head
Start are smaller than the impacts of the demonstration programs.

Long-run studies of Head Start based on observational data show substantial effects on
later-life, socio-economic outcomes. These findings reinforce the need to consider multiple
skills when evaluating early childhood programs. Dismissing Head Start as a failure because
of a documented fadeout of IQ ignores the fact that early education has effects on multiple
important dimensions of individual lifetimes. This is especially important because these
dimensions may be complementary and self-productive. Negative assessments of Head Start

ignore an important body of evidence.%¢

3.4.7 The Tennessee Voluntary Pre-Kindergarten Program

A recent evaluation of a means-tested local program in the US (The Tennessee Voluntary
Pre-kindergarten Program) has recently captured public attention. This program is not a
Head Start program. However, like Head Start, it is large-scale and targets children on the

basis of socio-economic status. A handful of sites affiliated with the program are Head Start

66 An illustrative example is Fox Business News (2014).
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centers, although it is not clear whether any of these are included in the program’s evaluation.
This program is used as evidence against the effectiveness of large-scale preschool programs
like Head Start (see Barshay, 2015). The Tennessee Voluntary Pre-kindergarten Program
(TN-VPK) is a statewide kindergarten program, targeting disadvantaged 4 year-old children
one year before kindergarten. It began as a pilot program in 1998 and became statewide in
2005. More details on its implementation, quality, and funding are reported in Appendix B.

The program is evaluated by a randomized control trial. However, the evaluation has
major flaws and the interpretation of its results is clouded by the presence of control con-
tamination. Program implementers requested parental consent after performing the ran-
domization, causing substantial selective attrition from the study. The subsample for whom
they received consent is called the Intensive Substudy. For the first cohort of participants,
only 46% of the parents in the treatment group consented to enter the study and 32% of the
parents in the control group consented. The rates of consent for the second cohort were 74%
for the treatment group and 68% for the control group. This sampling plan creates a ma-
jor problem of selective attrition. Experimental methods to evaluate this program become
invalid, so the evaluators rely on non-experimental methods (Lipsey et al., 2013, 2015).57

The evaluation of TN-VPK does not account for control contamination. In their sample,
27% of the children in the control group attended Head Start or a private, center-based
preschool program (Lipsey et al., 2015). The evaluation of this program does not address
these confounds and does not identify a clear counterfactual.

A reduced set of measures were reported for the full sample, including grade repetition,
attendance, disciplinary action, and special education. Estimates of these outcomes do not
rely on flawed non-experimental methodology. The authors find that the treatment group
was .77 percentage points less likely to repeat kindergarten. Short-term effects on cognition

for the intensive substudy sample fade out or become negative as children age. The treat-

67To correct the selection problem caused by differential consent across control and treatment groups,
the authors match on observable covariates. However, differential consent changed the composition of each
group, and this methodology does not account for the resulting differences in unobserved characteristics.
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ment group was 4 percentage points less likely to repeat a school grade. Short-term effects on
cognition fade out. This evaluation does not represent strong evidence against the effective-
ness of early childhood education programs. Instead, it illustrates that interpreting effects
without accounting for flaws in experimental design or estimating clear counterfactuals pro-
duces misleading policy conclusions. It cautions against the use of randomized control trials
as a gold standard. Evidence from non-experimental studies should not be outweighed by
evidence from a randomized control trial without serious consideration of the methodologies

of the individual studies.

3.5 Evidence from Large-Scale Programs

Evidence from demonstration programs and Head Start provides a strong case for the effec-
tiveness of means-tested early childhood education in promoting child development. More-
over, the evidence from PPP and ABC shows that programs targeting disadvantaged children
are socially and economically efficient. They also support work by mothers with young chil-
dren. In this section, we study large-scale means-tested programs other than Head Start, and
the evidence from universal programs.®® Proposals have been made for universal programs
(Office of the Mayor, New York City, 2014) and different forms of means-tested programs
(The White House, 2014b).

The US government funds a variety of large-scale programs and initiatives. Table 3.10
describes the components of some major sources of federal funding for early childhood initia-
tives. There are two other major sources of funding: (i) Race to the Top: a source of funding
for states, in which they compete on the basis of the quality, outcomes, and progress of their
programs. States are selected for awards between 37.5 and 75 million 2014 USD (The White
House, 2014b); and (ii) Preschool for All: an initiative providing 75 billion 2014 USD over

ten years targeting low income (< 200% of the federal poverty line) 4 year-olds, with the aim

68 A universal program is available to a general population of children in a local setting (e.g., county, state,
country) when the only eligibility requirement is age.
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of expanding the program to moderate-income children. Its goal is to increase the quality
and quantity of available preschool and to support voluntary home visiting programs for the
most disadvantaged families by providing grants to states to expand their existing preschool
infrastructure and Head Start options (The White House, 2014b).

Though the evidence on preschool programs is limited by a dearth of non-cognitive and
long-term measures, a clear pattern emerges. Universal programs are not universally effec-
tive. Results from several large-scale programs show that early childhood education is most
effective when targeted toward disadvantaged children. Studies of childcare arrangements of
children in the US indicate that impacts depend on the quality of the program being taken-up
relative to the quality of the next best alternative. Because disadvantaged children typically
have low-quality alternatives compared to advantaged children, they gain more from early
childhood education.

The studies discussed in this section shed light on the potential benefits from universal
programs and provide two major insights: (i) though they offer access with no eligibility
constraints besides age, universal programs do not produce universal take-up; and (ii) dis-
advantaged children benefit the most from universal programs. This is a consequence of
their having lower-quality alternatives compared to more advantaged children. There is also
a hint that at current quality levels, universal programs may harm the children of affluent
parents who have better alternatives. The magnitude of effects depends on the quality of
the program relative to a child’s alternative.%

The rest of this section proceeds as follows. First, we summarize studies of universal
subsidies to childcare in Quebec, Canada and Norway (Section 3.5.1). Second, we summa-
rize studies of a group of universal preschool programs in Oklahoma, Georgia, and Boston
(Section 3.5.2). We then summarize the findings of the section (Section 3.5.3). We present

detailed descriptions of these programs in Appendix B.

69Blau (2003) refers to center-based programs as formal programs and to non-center-based programs as
informal programs. He notes that, generally, the quality of the former is higher than that of the latter. This
section follows his characterization of childcare.
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Table 3.10: Federal Funding Streams for Childcare

Eligibility

Program Description

Program Requirements

Scope

Head Start,
1965-present

Early Head
Start,
1994-present

Child Care
Development
Fund
(CCDF),
1990-present

Individuals
with
Disabilities
Education
Act (IDEA)
Preschool
Grants,
1977-present

Children aged 3-5.
Family income <
190% Fed. income
level.

Expectant mothers
and children under
age 3. Family
income < 190% Fed.
income level.

Family income <
85% of the state
median income for a
family of the same
size. Children under
13.

Preschool-aged (3-5)
children who are
experiencing
developmental
delays (as defined by
state law) and need
special education.

Grants given to centers
that provide development
services, child care,
parenting education, case
management, health care
(including referrals),
nutrition, and family
support. Can be
Home-based (which
includes weekly home
visits and group
socialization),
center-based, family care,
and mixed-approach.

Grants given to centers
that provide development
services, child care,
parenting education, case
management, health care
(including referrals),
nutrition, and family
support. Can be
Home-based (which
includes weekly home
visits and group
socialization),
center-based, and
mixed-approach.

Funds are granted to
states that provide
subsidies to families for
the purpose of paying for
childcare.

Funds are provided to
states on the basis of the
state’s proportion of
disabled children. They
must be used on
educational programs that
promote school readiness
and incorporate
pre-literacy, language, and
numeracy skills.

Centers must follow
curricular guidelines and
pass teacher/staff
qualification requirements
and program quality and
compliance evaluations.

Centers must follow
curricular guidelines and
pass teacher/staff
qualification requirements
and program quality and
compliance evaluations.

Few restrictions.
Childcare facilities must
meet state health/safety
regulations. 2 % of funds
must be allocated to
educating families on
childcare options.

Children with disabilities
must be educated with
children who are not
disabled.

2013 Federal
Appropriation
(including local
projects and
support activities):
$7.74 billion (2014
USD). 2013
Enrollment
(including Migrant
programs): 903,679.

2014 Federal
Appropriation:
$1.37 billion (2014
USD). 2014
Enrollment:
115,826.

2013 CCDF
Federal-Only
funding: $5.10
billion (2014 USD).
2013 National
“average monthly
adjusted number of
families and children
served”: 874,200
families and
1,455,100 children.

2014 Federal
allocations: $353
million (2014 USD).
2014 Enrollment:
749,971 children.

Source: HS and EHS : Vogel et al. (2006), Love et al. (2002), Administration for Children and Families, Office of Head Start
(2009). There are some exceptions to the income requirements for special needs children and certain minorities. Furthermore, up
to 10% of enrollees in each center may have family income higher than the cutoff. IDEA: Administration for Children and Fam-
ilies, Office of Head Start (2014). CCDF: U.S. Department of Education (2015). Note: This table compares some of the major
federal funding streams for public childcare. CCDF is also known as the Child Care and Development Block Grant (CCDBG).
IDEA was passed in 1990 but was a continuation of the Education for All Handicapped Children Act, which was passed in 1975.
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3.5.1 Universal Subsidies to Childcare

3.5.1.1 Norway

In 1975, the Norwegian parliament approved the Kindergarten Act, a reform which promoted
a large-scale expansion of subsidized childcare. The reform was universal: all children from
ages 3 to 6 were eligible, regardless of their family background. It led to a staged expansion
inducing time and regional variation across 400 municipalities. The reform assigned respon-
sibility for childcare provision to municipalities that followed federal quality standards, e.g.,
educational content, group size, staff skill composition, and physical environment. As a con-
sequence of the reform, childcare coverage for children ages 3 to 6 increased from 10% in
1975 to 28% in 1979 (Havnes and Mogstad, 2011).™

Havnes and Mogstad (2011) exploit regional and time variation across municipalities in
the roll-out of the reform to identify its effects using a standard difference-in-difference frame-
work. They find positive effects of the program on a battery of long-term outcomes measured
when participants were in their mid-30s, including years of education, college attendance,
probability of being a high-school dropout, welfare dependency, and single parenthood.™
They present two estimates. First, the intent-to-treat estimate, which simply compares eli-
gible and ineligible children, given the time and regional variation. Second, they use a Bloom
estimator to adjust the intent-to-treat estimate by the increase in childcare coverage.” In
all cases, the effects are larger when adjusting for take-up. Applying the Bloom estimator
produces a 7% increase in the probability of attending college, a 6% decrease in the probabil-

ity of being a high school dropout, and a 5% decrease in the probability of being on welfare.

"0The two main studies from which we draw results do not provide details on the characteristics of the
families of children who used center-based care compared to those that did not. Thus, we cannot characterize
the children who take-up the program and distinguish from those who did not. Drange et al. (2012) provide
some related description of childcare take-up in Norway. As recently as 1996, relatively disadvantaged
children under age 6 were under-represented in early childhood education participation.

"I'Examples of treatment effects include: an increase of .06 (s.e. .02) years of education; an increase of 1%
(s.e. .3%) in college attendance; a decrease on the probability of being a dropout of 1% (s.e. .3%); and a
decrease in welfare dependency of 1% (s.e. .3%).

"See Bloom (1984).
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When they decompose results for a subsample of children of high school dropouts and high
school graduates they find that the effects on education are driven primarily by children
whose mothers are less educated. Estimates by gender show that females who received the
treatment are less likely to be low earners and more likely to be average earners. This finding
aligns with the evidence from ABC, indicating a positive treatment effect on age 30 income
for women.

Although the authors do not explore the mechanisms driving their results, they provide
a set of estimates that shed light on this. As discussed so far, they point out the relevance of
considering children’s next best alternative when the reform rolled out. They show that the
reform had no effect on the amount of hours mothers work. However, it changes childcare
take-up. The authors conclude that the reform crowds out informal childcare and increases
the quality of the formal childcare taken up. Parents sent more children to center-based or
formal childcare and less to informal care. Thus, the positive effects are a consequence of
moving children from informal to formal care.

Havnes and Mogstad (2014) expand the analysis of Havnes and Mogstad (2011). They
use the characteristics of the children who were affected by the reform and note that relatively
disadvantaged children benefited the most from it. They allow for non-linearity in the
differences-in-differences framework of Havnes and Mogstad (2011). Specifically, they explore
variation in the effects of the reform on children along the earnings distribution once they
become adults. They find that “upper-class children suffer a mean loss of $1.15 for every
dollar spent on subsidized child care, whereas children of low-income parents experience an
average gain of $1.31 for every dollar spent” (Havnes and Mogstad, 2014), which produces
an increase in social mobility across the participating cohorts.

The evidence from this reform relates to two of the policy implications on which we
present evidence throughout the paper. First, disadvantaged children benefit the most from
early childhood education. In the case of Norway, it is very plausible that the reform crowded

out poor informal alternatives for disadvantaged children, resulting in a relatively large
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improvement in their early environments compared to those of advantaged children. This
interpretation is further supported by the relatively larger effects for children of high school
dropouts compared to children of high school graduates.

This point relates to the second implication. The quality of the early environments
of children is fundamental. The reform in Norway made more slots available in formal or
center-based care, which is relatively high-quality. This produces gains in short- and long-

term outcomes for the neediest children.

3.5.1.2 Quebec

In 1997, the government of Quebec introduced a universal policy for families with children
of ages 0 to 4. Regulated, center-based childcare was subsidized to have an effective price
of at most 5.00 Canadian dollars™ a day. All children aged 5 have access to free public
kindergarten.™

Before 1997, only low-income families in Quebec received childcare subsidies. Further,
low-income families (< 57,680 2014 USD) received a 75% tax credit for childcare expenditures
(Baker et al., 2005). This implies that the gain low-income families had from the 1997
reform was relatively small compared to the gain of high-income families. There are three
components to the reform. First, for children younger than age 2, all previously informal
childcare centers were certified and the staff was trained. Second, for children older than 2 but
younger than kindergarten age, center-based childcare was subsidized. Third, kindergarten
was made free.

Baker et al. (2008) evaluate the effects of the policy exploiting cross-Canada regional
variation around the years of its implementation, comparing the pre- and post-policy out-
comes of families in Quebec with the outcomes of families in the rest of Canada. They find

that the effects of these reforms on child behavior and parent-child interactions are negative.

731997 dollars.
" (Classroom size, caregiver education, and similar standards were imposed as part of the reform, one of
its objectives being to improve the quality of childcare. More details are in Appendix B.
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The policy caused a sizable increase in maternal labor supply (around 10 percentage points)
with its effect mainly being experienced by high-income families, which the program dra-
matically changed the cost of childcare for. As a result, it crowded out parental care, which
may be of a higher quality than center-based arrangements for some high-income families.

The policy increased emotional disorder and physical aggression at ages 2 and 3 and
decreased social development at ages 0 to 3. Furthermore, it had negative effects on families
in terms of effective parenting and maternal depression when children were between 0 and 4
years old.

Offsetting these negative findings, in later work, Baker et al. (2015) find that the policy
had small, but beneficial effects for disadvantaged children. These include reduced hyperac-
tivity, anxiety, and aggression at ages 2—-3. Effects on non-cognitive outcomes are particularly
strong for boys. Moreover, Baker et al. (2015) find evidence of decreased criminal activity
as measured by apprehensions and convictions. The benefits reported in adolescence for dis-
advantaged boys is consistent with other evidence from programs targeted to disadvantaged
families.

The 1997 reform in Quebec was implemented on top of existing subsidies to low-income
families. It attracted more affluent families into the program by subsidizing childcare but not
providing high-quality services at the level offered in affluent homes. The negative early-life
results arise because: (i) disadvantaged families were already being offered a subsidy before
the policy and centers for children above age 3 were certified and presumably high-quality;
and (ii) the program crowded out maternal time spent on child care by relatively affluent
families. This evidence underscores the importance, in any evaluation, of considering who
took up the policy and what their next best alternative would have been in the absence of

the policy.
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3.5.2 Local Universal Programs in the US

For the universal public programs provided in Georgia and Oklahoma, some data on program
take-up by socio-economic status are available. Universal access to programs does not imply
universal take-up. In these programs, low socio-economic status is measured by eligibility
for free or reduced price lunch, which requires that the child’s family is at or below 185%
of the federal poverty line. In Georgia, 59% of all preschool-age children in the state took
up the program. Of these, 60% were eligible for free or reduced price lunch. In Oklahoma,
74% of all preschool-age children took up the program. Of these, 61% were eligible for free
or reduced price lunch. Take-up is substantially lower among more affluent families.”™

Cascio and Schanzenbach (2013) provide further evidence on take-up. By pooling data
from Georgia and Oklahoma to make a comparison with the rest of the states in the US,
they find that take-up differs across maternal education levels. Specifically, they find that
between 4 and 5 out of every 10 children enrolled in public schools would have otherwise been
enrolled in private preschools if their mothers had at least some college education. Thus,
they project that the increase in preschool attendance in this relatively advantaged group is
between 11 and 14 percentage points, compared to an increase of between 19 and 20 points
for the pooled sample.

Georgia and Oklahoma sponsor preschool programs which have a relatively high score
in the National Institute for Early Education Research (NIEER) quality index (Cascio and
Schanzenbach, 2013), which is claimed to measure the quality of a state preschool program.™
Georgia and Oklahoma have a high score because they require the teachers in every classroom

to hold a bachelor’s degree and have a certificate in early education. They also have class size

"SFamily poverty is defined in terms of family income starting below the 200% poverty line. Using elemen-
tary probability calculations and data on the percentage of children eligible for free or reduced price lunches
(for which eligibility is determined by family income at or below the 185% poverty line), 49% of children in
Oklahoma and Georgia were in poverty (American Community Survey) United States Census Bureau, 2014.
Using the total take-up and take-up by socio-economic status statistics, the probability of taking-up the
program for a child in a poor household is 79% in Georgia and 99% in Oklahoma. Similarly, the probability
of taking-up the program for a child in a non-poor household is 40% in Georgia and 49% in Oklahoma.

"6We note, however, that the Tennessee Program previously discussed also had a high NIEER quality
index. See Lipsey et al., 2015. The validity of the NIEER score has not been established.
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requirements—class size is capped at 20 children and a 1:10 teacher-student ratio is enforced.
Both programs are partially funded through the Preschool for All initiative, though they also
receive funding from other sources. Oklahoma’s preschools are provided by public schools
and they receive funding from state and federal sources. Though Georgia’s preschools are
publicly funded, the services are provided by private centers.

Cascio and Schanzenbach (2013) evaluate the Georgia and Oklahoma programs using a
strategy similar to that of the evaluations of the Norway and Quebec reforms by exploiting
regional and time variation across these and the rest of the states in the US. They estimate
intent-to-treat effects of the policy on children up to eighth grade. Their findings indicate
that disadvantaged children, as measured by their eligibility for free lunch, have substantial
gains in reading and math test scores by fourth grade. The effects on reading vanish by
eighth grade, but the effects on math scores remain statistically precise and are economically
significant. For advantaged children, the effects become small by fourth grade and vanish
by eighth grade. The authors present evidence on the mechanisms producing the effects.
Disadvantaged children spend less time with their mothers, but the quality of the interaction
increases because they spend more time reading, playing, and doing other activities together.
That is, there is a relatively large improvement in the quality of the early environment for
disadvantaged children.

The strategies used to identify the effects of the reforms in Norway and Quebec and the
state programs in Georgia and Oklahoma are very similar. They exploit time and regional
variation in program roll-out. In Norway, the reform was gradual and had time and regional
variation across 400 municipalities. Thus, the estimates compare regions that differ in time
of the policy implementation. In Quebec, the reform was introduced in the whole province
and the estimates are identified by comparing outcomes in Quebec with those in the rest
of Canada. Similarly, the state programs in the US are evaluated by comparing outcomes
across Georgia and Oklahoma and the rest of the states in US.

There is a crucial drawback to this strategy, which is inherent in difference-in-difference
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strategies. If there are any differences in trends of unobserved local characteristics across
treatment and comparison group regions, then difference-in-difference estimates do not rep-
resent the effects of the reform, but rather differences in trends that would cause these effects
even in the absence of the reform. In the example of Quebec, if previous policies uniquely
changed the way in which the market for female labor increased in that province, and this
caused the childcare decisions observed in the period after the reform, then the estimates of
program effects on labor supply are contaminated by this pre-existing trend.

To assess this concern, in their study, Havnes and Mogstad (2011) perform a battery of
robustness checks. These include different calculations of standard errors, such as clustering,
to allow for various scenarios of unobserved correlation across municipalities, excluding cities
from the sample, adding municipal fixed effects, and adding time trends interacted with
multiple observed characteristics at municipality level. Their results are not sensitive to
any of these sensitivity exercises. The fact that the reform in Norway was rolled out at
municipality level provides a large amount of variation with which to perform many forms
of sensitivity analyses.

Unfortunately, this is not the case for Quebec, as the reform was at the provincial level.
Nevertheless, the authors of the Quebec study perform sensitivity analyses and report robust
results. In the study of Cascio and Schanzenbach (2013), the authors perform sensitivity
analysis by controlling for state trends and use a battery of observed characteristics. They
also explore sensitivity with respect to the window of observations they consider. While these
three studies differ in the degree to which they test for sensitivity, all find little evidence for
it.

Gormley and Gayer (2005) and Gormley et al. (2005) evaluate Oklahoma’s preschool
program in a local setting. They use administrative data from Tulsa and exploit a sharp
regression discontinuity design on age eligibility. Namely, children are eligible to attend
preschool if they are 4 years of age by September 1st of the school year. Thus, they compare

children of very similar ages who were just barely eligible with those who are just barely
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ineligible. Data include tests measuring cognition for both groups. For the children who were
not eligible, they use tests at preschool entry the following year. For the children who were
eligible, they use tests at the end of preschool. They report a gain of 0.39 and 0.24 standard
deviations in language and motor skills, respectively. However, this estimate is short-run
in nature. The program accelerates academic competence but has no long-run effect. This
evidence suggests that children in some form of schooling do better on tests than children
not in school. After all children enter school, the effects vanish by grade 3 .77

Weiland and Yoshikawa (2013) evaluate a universal preschool program in Boston using a
similar strategy. The program served 2,045 children in 69 elementary schools within the city.
Any child turning 4 years-old before September 1st was eligible. Participants of the program
received a year of free full-day pre-kindergarten in an urban public school. The children
received a common curricula: full implementation of the literacy and language curriculum,
Opening the World of Learning, and the mathematics curriculum, Building Blocks. Reports
indicate that the curricula were implemented with high fidelity across preschools (Weiland
and Yoshikawa, 2013).

The nature of the data makes it straightforward to compare children who were arbi-
trarily close to the eligibility cohort, but still not eligible, with those who were eligible and
participated in the program. The reported results are positive on mathematics, reading, and
some measures of social skills at the beginning of the first school year immediately following
program completion. However, when they are disaggregated, these positive results show con-
siderable variability. While children eligible for free lunch had impacts on self-control (0.3
effect size), ineligible children had no impacts on this dimension. Impacts in numeracy were
very strong for both groups. The magnitudes of the effect sizes are .66 and .47, respectively.

We are skeptical about the interpretation of the estimates reported in Gormley and
Gayer (2005), Gormley et al. (2005), and Weiland and Yoshikawa (2013). Their reported

effects are short-run in nature and simply compare exposed children to unexposed children

"See Hill et al. (2012).
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at the end of one year of the program. They do not account for catch-up in the scores when
the unexposed children eventually enter school. Effects vanish by grade three in the Gormley
studies. (Weiland and Yoshikawa, 2013 only analyze short-term outcomes measured in the
fall after preschool completion.) An additional problem with these regression discontinuity
studies is the large bandwidth often employed (i.e., a broad band of ages of children on which
either side of the discontinuity point is used). There are few children available to identify the

impact in the vicinity of the cutoff and there is selective attrition of children from samples.

3.5.3 Summary of the Evidence from Universal Programs

The evidence on universal programs supports a general finding consistent with the entire
body of evidence in this paper. Disadvantaged children benefit more from early childcare
education than do advantaged children. This is due to a larger improvement in the quality of
the early environment for disadvantaged children compared to advantaged children. When
children attend programs with higher quality care than they would have received at home
or at an alternative setting, the effects of the programs are generally positive. Given that
disadvantaged children have less access to alternatives, they benefit the most from universal
programs. Programs that crowd out high-quality alternatives for advantaged children, as in
Quebec, produce weak or even negative effects.

Further research is required to strengthen this body of evidence. In particular, the
most rigorous analyses study policy changes and estimate their effects through reduced form
estimates. Some of them shed light on the mechanisms driving the policy by exploring long-
term effects, effects on maternal labor supply, etc. However, this literature could benefit

from models that investigate the mechanisms through which estimated effects are generated.
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3.6 The Importance of Quality

The studies discussed thus far indicate that when the childcare options for families are low
in quality, center-based policies tend to have positive effects. This is especially true for dis-
advantaged families for whom alternatives are of relatively low quality. Following the recent
literature, this section uses attendance to center-based care as an indicator for participation
in a high-quality program and attendance to non-center-based care as an indicator for partic-
ipation in a low-quality program. Generally speaking, center-based childcare establishments
are required to be certified to be funded or run (see Appendix B). Disadvantaged children
have less access to center-based childcare. All programs found to have positive effects have
relatively high quality standards (see Appendices A and B). Blau and Currie (2006b) present
an extensive survey of the market for childcare. They find that standards such as low staff-
child ratios, small classroom size, and higher levels of teacher education contribute to the
effectiveness of childcare centers.

Bernal (2008) and Bernal and Keane (2011) reinforce the evidence on the importance of
quality by comparing the effects of center-based and non-center-based arrangements. They
use the NLSY79 to examine childcare decisions in the US and their impacts on parental
labor force participation and child development. They analyze the range of childcare op-
tions available in the US, including formal and informal care options. They use different
methodologies to assess the impact of childcare on cognitive and non-cognitive development:
(i) an approach using a fully structural model and (ii) an instrumental variables approach.
The first paper uses a sample of married women. The second paper uses a sample of single
mothers and exploits exogenous changes in welfare program structures as sources of varia-
tion affecting the probability of a child being in childcare. The papers show that childcare
has negative effects on cognition at ages 5 to 8, with a magnitude of 0.13-0.14 standard
deviations, and a standard error of .049. The negative effects arise from non-center-based

childcare, while center-based childcare has no effect.

155



Garcia et al. (2014) provide new insights using data from a demonstration program,
IHDP. Using a methodology similar to that of Bernal and Keane (2011), but utilizing a more
complete set of measures, they find that: (i) time spent with the mother and center-based
childcare have positive effects that are very similar in magnitude on average; (ii) policies
that give access to center-based childcare crowd out maternal time; and (iii) maternal time
has strikingly different consequences for more or less disadvantaged children, reflecting the
quality of home interactions; better home environments promote child development. Adverse

home environments retard it.

3.7 Summary

Our analysis is based on three important principles from the literature on the economics
of human development: (i) multiple skills beyond just cognition are important and are
produced by effective programs; (ii) the skill formation process is dynamic and early home
environments play a major role in shaping child lives; and (iii) answering policy questions
requires consideration of the alternatives available to the targeted population.

Our main conclusion is that at current levels of quality provided, disadvantaged children
benefit the most from early childhood education. The services offered improve on what is
offered to them at home. The high-quality means-tested demonstration programs that we
have examined are socially efficient as measured by benefit-cost ratios and rates of return.
There is a strong case for high-quality means-tested early childhood education (using a broad
definition of means-tested). The evidence for universal programs is somewhat ambiguous.
The evidence from Quebec suggests that standard childcare programs supporting the mar-
ket labor supply of afluent women may harm their children, but may aid the children of
disadvantaged families.

These conclusions are based on the following bodies of evidence:
1. From our primary analysis of the data on high quality demonstration programs, we
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conclude:

(a) Increases in cognition, as measured by 1Q, generally fade out, but do not always
disappear. However, gains in early life non-cognitive skills generate success later
in life, boosting outcomes such as education, employment, health, and reduced

criminal activity.

(b) Methodology is available to assess demonstration programs with compromised
randomizations, small sample sizes, and attrition. Applying it shows that high
quality demonstration programs have positive effects over the life-cycle. These
effects survive conservative tests, adjusting test statistics for the effects of multiple

hypotheses testing.

(¢) When evaluated comprehensively, demonstration programs targeting disadvan-
taged populations are socially efficient, as measured by their rates of return and

benefit-cost ratios.

2. Head Start

(a) Head Start provides heterogeneous treatment to heterogeneous populations. There-
fore, when assessing its impacts, it is crucial for researchers to study the available

alternatives in the settings where children take up treatment.

(b) Studies accounting for control group contamination—i.e., control group families
that find alternative early childhood education environments outside the home—
show that the short-run effects of Head Start on cognitive and non-cognitive skills

are positive and moderate to strong.

(¢) Studies evaluating long-term outcomes from Head Start find that the program
has persistent beneficial effects on important later-life outcomes, such as health

and education based on nationally representative data sets.
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(d) Crude cost-benefit analyses of Head Start hint that the program might be so-
cially efficient. More comprehensive evaluations likely imply high internal rates

of returns, as current estimates only include gains in earnings.

3. Universal Programs

Disadvantaged children benefit the most from universal programs offered at current
quality levels. Advantaged children have enriched environments available to them and
their parents are less likely to use them. In contrast, without access to such programs,

disadvantaged children spend time in low-quality environments or informal settings.
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