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Executive Summary

Can Intensive Early Childhood Intervention Programs Eliminate Income-Based Cognitive
and Achievement Gaps?

It is no secret that children from different socioeconomic strata start school with very different skills.
Recent research has shown that low-income children score about 1.3 standard deviations lower than
high-income children in their kindergarten-entry math skills and nearly two-thirds of a standard
deviation worse in terms of teacher-reported antisocial behavior. None of these gaps shrinks over the
course of elementary school. An important policy question is how to close this income-based gap in
school readiness in young children.

Early childhood education programs are seen as one way of improving the schooling readiness of poor
children and enabling them to take full advantage of the benefits of K-12 educational investments. The
Abecedarian and Perry Preschool programs have often been cited as evidence of the long-run impacts
and high benefits relative to costs of high quality programs. However, extracting broad policy lessons
from these two programs is difficult, given their very different starting ages and intensities. Moreover,
both programs were offered only to small numbers of low-income minority children. Because of this,
they cannot shed light on intervention effects among children of more advantaged families or show how
these effects might differ from those observed in children from less advantaged families.

Some government-funded programs are universal while others target children from low-income
families. Universal programs would close income-based gaps only if their impacts were much larger for
poor children than more affluent children. The goal of this paper is to estimate the degree to which an
intensive Abecedarian-type intervention, begun at birth or age one but lasting only until age three,
would close income-based gaps in cognitive ability and school readiness.

Analysis

Data are drawn from the Infant Health and Development Program (IHDP). The IHDP was a randomized
clinical trial which offered a package of services including free, full-day, Abecedarian-type child care to a
randomly chosen subset of 985 one and two-year old children in eight sites scattered around the
country. Since eligibility was not restricted by family income, race or ethnicity, a very diverse set of
children and families enrolled in the program. Children were assessed at ages 1, 2, 3, 5 and 8. At each
age children were administered an IQ test, and at age 8 math and reading achievement levels were
measured as well. The IHDP sample can be weighted to reflect the demographic characteristics of U.S.
children. Using data from this randomized, controlled experiment the authors ask these questions:

e To what degree (if at all) does the program close the cognitive-ability and school-readiness gap
between children from higher-income and lower-income families?

e Does the extent to which the cognitive gap is closed vary depending on whether the program is
offered universally versus to children from low-income families only?

e Do benefits from the program persist after the program is completed and, if so, for how long
and to what degree?

Results
Table 1 presents results from the study. The values in the first row show program impacts on children’s
test scores, expressed as a fraction of a standard deviation of the test metric. The first row represents
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the entire treatment effect experienced by children from high-income families. The second row
represents the additional fraction of one standard deviation that test scores of children from low-
income families changed as a result of being treated by the program. Children from low-income families
experienced a rise in test scores equivalent to the sum of the values in rows one and two. Row three
represents the percent of the income-based cognitive gap that is closed in the case of a universally
offered program. Row four represents the percent of the gap that is closed if the program is targeted to
low-income families only.

Table 1.

Estimated Impacts of IHDP on High/Low 1Q and Income-Based Achievement Gaps

Age 11Q| Age 21Q | Age 31Q|Age 51Q|Age 81Q| Age 8 Reading|Age 8 Math
Baseline Program Effect on All Children:| 0.11 0.46* 0.34 -0.22 -0.08 -0.44 -0.2
Additional Program Effect on Children From

. 0.04 | 0.82** | 1.28***| 0.77** [ 0.52 0.74** 0.64**

Low-Income Families:

Percent of Income-Based Cognitive Gap Closed
e P | 7% | s9%rex | 101%* | 67% 90%* 84%**

by Univeral Treatment:

Percent of Income-Based Cognitive Gap Closed
by Treatment Targeted to Low-Income - 117%***[113%***| 72%*** | 57%** 37% 57%**

Children:

Note: Estimates have varying degrees of precision. Estimates with three asterisks are more precise than those with one or two

asterisks. Those estimates that have no asterisks are the least precise and are not considered statistically significantin this setting.

These results suggest that at age three — at the end of the program — income-based gaps would be
essentially eliminated with either a universal or income-based targeted program. Despite considerable
fadeout of program effects, income-based gaps in age five IQ would be substantially reduced (in the
case of a targeted program) or completely eliminated (for a universal program). At age eight the results
are less precise, but they still suggest that one-third to three-quarters of the gaps in IQ and achievement
would be eliminated.

Policy Implications

While it is encouraging to see that school readiness gaps between high and low-income children might
be eliminated with an intensive early education program, several cautions are in order. First, the low
(three to one) staff-to-student ratio and other services offered made this program quite expensive.
Prudent policy planning should be based on a comparison of benefits and costs of this and competing
programs. Second, given societal concern with gaps defined by race or ethnicity it is tempting to assume
that these interventions could be helpful in closing those gaps as well. However, one should not
presume that success in closing the income-based gap generalizes directly to gaps defined by other
factors. Third, drawing firm conclusions is difficult because none of the gap-closing estimates is
determined with much precision. Fourth, the evolving patterns of impacts found for low and high-
income children depend upon the quality of care for control-group children during and after the
program. If current patterns of care quality for low and high-income children differ from those in the
late 1980s, then the patterns of impacts and gap closings found here may not generalize to the current
day. Fifth, while these results suggest that the intervention could be helpful for low-income children,
we need to better understand the effects on children from high-income families. In this study, the
effects on the IQs of higher-income children are positive during and directly after the program ends.
However, as the child ages (at 5 and 8 years of age), estimates of effects on IQ and achievement for
these children are negative (though statistically insignificant). Prior to including this type of intervention



in policy aimed at closing income-based school readiness gaps, it is important to know whether a
program like this might actually hurt higher-income children.
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l. Introduction

Early childhood education programs are seen by some as a way of improving the schooling
readiness of poor children and enabling them to take full advantage of the benefits of K-12 educational
investments (Knudsen et al., 2006; Ludwig and Sawhill, 2007). But can any program eliminate the
achievement gaps? The impacts of modern Head Start and Early Head Start programs directed at
children growing up in low-income families are estimated to be modest at best, particularly when
outcomes are assessed within a few years after the completion of the program (Puma et al., 2010; Love
et al., 2005)." Some short-term impact estimates for state pre-kindergarten programs, which are
income-targeted in some states and universal in others, are more promising (Wong et al., 2008; Gormley

et al., 2008), but longer-run impact estimates for these programs are not yet available.

Evaluations of the Abecedarian (Campbell et al., 2002), Perry Preschool (Schweinhart et al.,
2005), and Chicago Child-Parent Center (Reynolds et al, 2011) programs have often been cited as
evidence of the long-run impacts and high benefits relative to costs of high quality programs (Karoly,
2001; Knudsen et al., 2006; Bartik, 2011). Extracting broad policy lessons from these programs is
difficult, given participants’ homogeneity. All three programs were offered only to low-income children

of color and their mothers,

Scaled-up, government-funded programs might be offered universally rather than restricted to
children from low-income families in the belief that they would benefit all children, that high-income
children generate positive peer effects for low-income children or in order to generate the necessary
political support for public funding. Universal programs would close income-based gaps only if their
impacts were much larger for poor children than more affluent children and if sufficient numbers of
poor families chose to enroll their children in the program. Because most early childhood intervention
experiments enrolled only low income children or children of color, they may not shed light on
intervention effects among children of more advantaged families or show how these effects might differ

from those observed in children from less advantaged families.

The goal of this paper is to estimate the degree to which an intensive Abecedarian-type

intervention, begun at birth or age one but lasting only until age three, would close income-based gaps

! Longer-run impact estimates for Head Start children enrolled two or more decades ago are considerably bigger
(Ludwig and Miller, 2007; Deming, 2010), although employ different identification strategies. Also, the use of
center-based care for children in control groups has likely increased considerably, rendering it difficult to
generalize from the experiences of older cohorts.



in cognitive ability and school readiness. We consider both universal and targeted versions of such a
program, with the targeted program restricting eligibility to children living in families with income within

180 percent of the poverty line.

To generate our estimates, we draw data from the Infant Health and Development Program
(IHDP), which offered a package of services including free, full-day, Abecedarian-type early education to
a randomly chosen subset of 985 children in eight sites scattered around the country (Gross et al, 1997).
Abecedarian and IHDP both provided six to eight hours of daily child care and used a game-based
curriculum that emphasized language development. Since eligibility was not restricted by family
income, race or ethnicity, a very demographically heterogeneous set of children and families enrolled in
the program. A high-quality evaluation design included random assignment of program services to
treatment and control groups and assessment of 1Q during and up to 15 years after the completion of
the program.? Published reports have shown very large impacts of the program on 1Q during the
program and generally smaller impacts, confined exclusively to the heavier babies, after it ended

(Brooks-Gunn et al. 1994; Gross et al. 1997; McCarton et al. 1997; McCormick et al. 2006).

Apart from the convenience-based selection of the eight study sites, the main obstacle to
generalizing from the IHDP to the larger population of U.S. children is that IHDP services were offered
only to babies with birth weights below the low birth weight (LBW) threshold (less than 2,500 grams).
Research has shown that some low birth weight babies, particularly those with birth weights below
1,500 grams, exhibit a set of non-normative development delays (Gross et al., 1997; Klebanov, Brooks-
Gunn, and McCormick, 1994b). This raises the question of whether program impacts for low birth
weight children generalize to the larger population. As detailed below, we address generalizability issues
by showing increasing program impacts throughout the birth weight range and by weighting the IHDP

sample to reflect the demographic characteristics of U.S. children.

We find that the IHDP program boosted the cognitive ability of low-income children much more
than the cognitive ability of higher-income children. Although early education by family income
interactions have been reported in several published studies, our results have much greater internal
validity since they are based on a demographically and geographically diverse sample, coupled with a

well-implemented random-assignment design and strong program treatment. Population projections

> Owing to concern over possible attrition bias at the time of the age-18 follow-up, we confine our analysis to
cognitive and achievement impacts through age 8.



show that either a universal or an income-based targeted program would essentially eliminate income-
based gaps in IQ at age three — at the end of the program. Despite considerable fadeout of program
effects, our estimates suggest that income-based gaps in age-five IQ would be substantially reduced or
even eliminated completely. Our increasingly imprecise estimates suggest that one-third to three-

quarters of the gaps in age 8 IQ and achievement would be eliminated.
Il. Background

It is no secret that children from different socioeconomic strata start school with very different
skills. A recent study by Duncan and Magnuson (2011) used data from the Early Childhood Longitudinal
Study — Kindergarten Cohort to compare children in the bottom and top quintiles of socioeconomic
status (SES). They found that low-SES children scored about 1.3 standard deviations lower than high-SES
children in their kindergarten-entry math and math skills and nearly two-thirds of a standard deviation
lower in teacher ratings of attention skills. Moreover, they were one-fourth of a standard deviation
worse in terms of teacher-reported antisocial behavior. None of these gaps shrank over the course of
elementary school, and in the case of antisocial behavior, the SES-based gap nearly doubled. More than
half of the SES gaps were found within schools, which suggests that the very different kinds of schools

attended by poor and affluent children do not account for all of the gaps.

Less well known is the startling growth in the income-based gap on the test scores of children
born since the 1950s (Reardon, 2011). Among children born around 1950, test scores of low-income
(defined to be at the 10" percentile of the family income distribution) children lagged behind those of
their better-off peers (defined to be the 9o percentile) by a little over half a standard deviation. Fifty
years later, this gap was twice as large. Given the importance of achievement skills in determining
educational success, it should come as no surprise that growth in the income-based gap in children’s
reading and mathematics achievement has translated into a larger gap in schooling completed by
children growing up in poor families compared with their more affluent peers (Duncan and Murnane,

2011).

What might be done to close these gaps? Early childhood education (ECE) programs are seen by
many as a way of improving the schooling readiness of children and enabling them to take full
advantage of the benefits of K-12 educational investments (Knudsen et al., 2006). As with many other
social programs, ECE services can be targeted toward low-income children or offered universally

regardless of economic need (Scokpol, 1991; Greenstein, 1991; Barnett et al., 2004). The value of
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targeting ECE programs on low-income preschool children is ambiguous owing to competing hypotheses
about differential program effects can be found in developmental research and theory. A compensatory
hypothesis (Sameroff & Chandler, 1975) predicts that children who are at risk because of economic
disadvantage, low skills, difficult temperaments, etc. derive greater benefit from skill-building high-
quality early education programs relative to children who are not at risk. This hypothesis provided the

rationale for the initial and continued funding for programs such as Head Start and Early Head Start.

Cunha and Heckman’s (2007) skill begets skill hypotheses makes the opposite prediction — that
children with greater initial individual abilities will derive greater benefits from high-quality early
education programs than less advantaged peers because of their ability to build on existing skills or

family advantage.

We know very little about the comparative effectiveness of infant/toddler and preschool
programs for children from low- versus high-income families. The best-known programs (Abecedarian,
Perry, and the Chicago Parent-Child Program) restricted eligibility to low-income and/or disadvantaged
minority children. Recent evaluations of the national Head Start and Early Head Start programs are also
constrained by income limits on eligibility for both programs, although both Loeb et al. (2007) and
Magnuson et al. (2004) shows that associations between attending Head Start or center-based care and
kindergarten test scores are somewhat stronger for subgroups with the lowest socioeconomic status.
The Oklahoma Pre-K program offered services to children who qualified for the free or reduced-price
lunch program as well as children who did not. Also in line with the compensatory hypothesis, Gormley

et al.’s (2008) evaluation found considerably higher impacts for the former than the latter group.

As with the Oklahoma Pre-K sample, income-based eligibility criteria were not part of the Infant
Health and Development Program, which offered a package of services including free, full-day,
Abecedarian-type child care to a randomly chosen subset of the 985 mothers and children that it
recruited. These children were born in hospitals in eight sites scattered around the country, leading to
the enroliment of a very demographically heterogeneous set of children and parents. We build on the
IHDP’s diverse sample and experimental design to estimate the extent to which income-based gaps in

school readiness would be closed by such a program.
lll. Approach and Data

Approach. The Infant Health and Development Program was designed to deliver the center-

based Abecedarian curriculum to an economically and ethnically diverse sample of one and two year

4



olds in eight sites scattered around the country (McCarton et al. 1997). All infants recruited into the
IHDP program were born low birth weight (less than 2,500 grams, i.e. 5.51 pounds) and premature. The
motivation for this restriction was that while the Abecedarian curriculum had been shown to enhance
cognitive outcomes for normal birth weight, socially disadvantaged children, no empirical evidence
existed about its effectiveness for LBW children. IHDP documentation notes that neonatologists favored
the inclusion of only the VLBW infants (< 1500 g), who are known to be at greatest risk for
developmental disabilities and are now surviving in increasing numbers, but that program developers
also felt that it was important to assess the impact of the curriculum on heavier low birth weight babies.
To balance these two concerns, “it was decided to include infants weighing < 2500 g with gestational
age < 37 weeks, but to stratify the sample into two weight groups. The ‘lighter’ group (< 2000 g), would
make up two-thirds of the sample, and the ‘heavier’ group (2001 — 2500 g) would compose one-third of
the sample” (Gross et al., 1997).% Program take-up was high, the curriculum appeared to be well
implemented, attrition through age eight was modest, and a rigorous RCT-based design provides
treatment estimates for a series of IQ and achievement measures both for the entire IHDP sample and

for low- and higher-income subsamples.

Two factors in particular make it difficult to generalize from the IHDP to the U.S. population: All
IHDP infants were born low birth weight and, although diverse, the demographic characteristics of IHDP
families do not match closely to those of the general population. To address the low birth weight issue,
we first present evidence showing that the developmental trajectories of the IQs of low birth weight

children in the ECLS-B roughly parallel those of normal birth weight children.

Second, we show that the IHDP sample includes a substantial numbers of children near the
2,500-gram low birth weight threshold and, most importantly, IHDP program impacts are, if anything,
increasing throughout the entire range of birth weights. This leads us to base our estimates only on the
heavier IHDP babies (birth weights above 2,000 grams, which, following convention, we designate as

high low birth weight (HLBW)).

Third, to correct for demographic misalignment we develop and apply a set of ratio estimating
weights to the IHDP sample based on ECLS-B joint distributions of race/ethnicity, income, maternal

education and marital status.

® This stratification into higher and lower birth weight groups was the only baseline interaction specified ex ante by
the study designers. Based on the medical, developmental, and neurobiological evidence available, they
recognized that treatment effects would likely vary between these two strata.
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The procedures for obtaining our estimates are as follows. Let D = a dummy variable indicating
family income less than 180 percent of the poverty threshold® and T = a dummy variable treatment
indicator. If we could assign treatment at random in the nationally-representative ECLS population, we

would estimate:
(1)YE=ao'alD+azT+ag D*T+e

where Y is 1Q or achievement measured in the ECLS-B at various ages during or after the end of the
hypothetical program and the “E” subscript denotes an ECLS-B-based estimate. Since we want to
express gaps between disadvantaged groups as positive amounts, we precede the expected negative
coefficient on D (a;) with a minus sign. As shown in Table 1, we can estimate the effect of universal (i.e.,
offered to the entire population of one- to three-year olds) and targeted (i.e., offered only to one- to
three-year-old children with family income below 180% of the poverty line) programs on the gap.
However, we do not observe treatment effects in ECLS-B’s national sample, so we cannot identify C,, the
portion of the gap closed by the treatment. We can only estimate a;, the observed “raw" gap in the

ECLS.
[Table 1 here]

To estimate C, we use the weighted IHDP HLBW sample to generate estimates of the

coefficients on D and T from:
(2)Yi=bg-by D+b, T+b; D*T + (Site Dummies) + u

where Y, is IQ measured in the IHDP at various ages during or after the end of the program and the “I”
subscript denotes an IHDP-based estimate. This gives analogous estimates of the percentage of gap (Cy)

that would be closed by targeted and universal programs, which can be seen by replacing all “a” terms

in Table 1 with their analogous “b” terms.

Then, C,*a; estimates the magnitude of the closure that would be achieved by applying IHDP-
based treatment effects to the weighted IHDP-based gap and a;*(1-C,) estimates the magnitude of the
residual gap. As a measure of the gap, one might instead prefer the observed ECLS-B gap, rather the

weighted IHDP-based gap and ask how much of this gap would the treatment close. This amounts to

* Many programs directed at low-income children use a 180%-of-poverty income threshold. In addition, it
produces two ample-sized income groups in our data.



replacing the “a”s with “b”s in the numerators of Table 1 ratios but leaving a; in the denominators. Call

these gap-closing estimates C,, (Table 2).?
[Table 2 here]

Data. As described in the “Approach” section, the Infant Health and Development Program was
an eight-site randomized clinical trial designed to evaluate the efficacy of a comprehensive early
intervention program for low birth weight premature infants. Infants weighing 2,500 g or less at birth,
regardless of parental income status, were screened for eligibility if their post-conceptional age between
January and October 1985 was 37 weeks or less and if they were born in one of eight participating
medical institutions. Following hospital discharge, a total of 985 infants were randomly assigned either
to a comprehensive early childhood intervention group or to a control group that was offered only a

package of free medical services explained below.

Children in the treatment group received weekly home visits through 12 months of age, which
consisted of a curriculum of child development and parenting education, mental health counseling and
support, and referral to social services within the community. Despite these services, there were no
significant treatment impacts at age 12 months on either the children or their home environments

(Bradley et al, 1994). Home visits continued on a biweekly basis between ages 1 and 3.

Between ages one and three, children in the treatment group were also entitled to attend one
of the free, high-quality child development centers located in each city. The curriculum was based on
the one used in the Abecedarian Preschool program (Campbell et al., 2002). Free transportation was
made available to encourage take-up. Infants in both the treatment and control groups also participated
in a pediatric follow-up program of periodic medical, developmental, and familial assessments from 40
weeks of conceptional age (when they would have been born if they had been full term) to 36 months of

age, corrected for prematurity.

A frequency distribution of the birth weights of the 985 infants is shown in Figure 1. Most of the
infants weighed between 1,500 and 2,500 grams. For reasons detailed below, our analysis will

concentrate on the 362 heavier low birth weight children in the 2,001-2,500 gram range.

[Figure 1 here]

> Suppose Y; = cY, + d so that the ECLS 1Q scores (Y;) are a linear function of IHDP 1Q scores (Y,). Then Gy is less
biased than C,, unless c=1, in which case they are the same.
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We draw our data from a variety of sources — maternal-report questionnaires, home visits, and
laboratory tests. Assessment ages for the IHDP are 1, 2, 3, 5 and 8. The IHDP provides the following
cognitive measures: the Bayley IQ mental subscale at ages one and two; the Stanford-Binet IQ mental
subscale at age three; the WPPSI Full Scale 1Q at age five; and the WISC at age eight. We also study math
and reading achievement levels at age eight as measured by the Woodcock-Johnson tests. To preserve
comparability with national norms, we standardize all individual outcomes into z-scores that have mean
zero and standard deviation one, using the national norms provided by the tests’ original developers. All

are high quality, widely validated cognitive and achievement measures.

One of our analytic goals is to estimate differential treatment effects by income. Our indicator of
low-income status is based on whether family income as reported by the mother when the child was 12
months old was below 180 percent of the poverty line (Leventhal and Brooks-Gunn 2001). Some 10.2%
of mothers failed to report income in that interview. We assume these income data are missing at
random conditional on observables and use multiple imputation to make inference (Little & Rubin,
1987).° To assess sensitivity of the results to this assumption, we also relax it and estimate bounds on
key parameters considering all possible values for the missing indicators. Given the random assignment
nature of the IHDP treatment, we use baseline measures in some specifications to control for small
demographic differences in the treatment and control groups and improve the precision of the
experimental estimates of treatment effects. These baseline measures include maternal-report data on
race/ethnicity (with indicators of African-American and Hispanic status) and maternal education level
(four categories — less than high school, high school graduate - no college, high school graduate - some

college, and college graduate). At the child level, we control for child’s sex, birth weight in grams,

® For each of the 37 children with a missing income/needs ratio, we impute a low-income indicator using a probit
model conditional on a set of fully observed pre-assignment characteristics: maternal age, race, education, number
of living children, and previous number of LBW, premature children at time of study child’s birth; study child’s
weight, gestational age, neonatal health index, and parity order at birth; and study site indicators. Identification
assumes that low-income status is missing at random conditional on these covariates. Each case has 10 imputed
replicates. The low-income status of most of these cases appears quite certain on the basis of the baseline
observables used for imputation. Consider the frequency of number of replicates imputed low-income among the
37 cases.

Number of replicates imputedlow- |0 |1 (2 |3 |4 |5 |6 |7 |8 |9 10 | Total
income

Frequency o(f1(0|0|2 |2 (3|6 (3|11 ]9 37

Twenty-one cases (57%) have either all or all but one of their 10 replicates imputed to the same low-income
status. In only 7 cases (19%) is the number of replicates imputed as low-income within 2 of the number of
replicates imputed as not low-income.



gestational age at birth in weeks, a neonatal health index, maternal age in years at birth of child, and a

set of site dummies. These variables have no missing observations.

Response rates were high in the early waves of IHDP data collection, but lower for the longer-
run follow-ups. For the sample of high low birth weight children used in our analyses, response rates for
IQ tests were 91.1%, 88.9%, 90.6%, 81.4% and 85.9% at age 1, 2, 3, 5, and 8, respectively. Outcome data
are assumed missing at random conditional on covariates and, for each outcome, cases with missing

outcome data are dropped.’

The Early Childhood Longitudinal Study — Birth Cohort (ECLS-B) has followed to kindergarten
entry a large, nationally representative sample of children born in 2001. Birth certificates constituted
the sampling frame. Children with low birth weight, twin births, and American Indian/Native Alaskan,
Asian/Pacific Islander, and Chinese children were oversampled. We use the ECLS-B-provided weights to
adjust both for differential sampling probabilities and for differential nonresponse. The ECLS-B provides
detailed information on children’s development, health, and learning experiences during the years
leading up to school entry. Data were collected from sample children and their parents, as well as
childcare providers and teachers. Children’s cognitive abilities were assessed at 9 months, 24 months, 48
months (preschool), and kindergarten entry using a combination of existing measures and measures

developed specifically by the Educational Testing Service.

The base year (nine-month) ECLS-B sample is comprised of about 10,700 infants. Baseline data
were collected on a rolling basis between the fall of 2001 and 2002. The two-year-old data collection
took place between the fall of 2002 and fall of 2003, with an approximate completed sample size of
9,800 children. The 48-month data collection took place between the fall of 2005 and spring of 2006,
with an approximate completed sample size of 8,900. The kindergarten data collection took place during
the school year in which the child attended kindergarten, with an approximate completed sample size of
8,000. The weighted response rate for the nine-month data collection, based on the percentage of
completed parent interviews out of the total number of eligible cases, was 74.1%. The weighted
response for the two-year data collection, based on the percentage of completed parent interviews out
of the total number of children eligible to participate at two years, was 93.1%, with 94.0% of children

having at least some child assessment data. The weighted response rate for the preschool data

’ We concentrate on impacts through age 8 because the only later follow-up, conducted when the children were
18 years old, successfully interviewed on 61.9% of eligible respondents. Results (available on request for IQ and
achievement) are very similar to those found at age 8.



collection was 90.8%. The weighted response rate for the kindergarten data collection was 90.0%.

The ECLS-B provides the following cognitive measures: a reduced-item form version of the
Bayley (Bayley Short Form-Research Edition) designed to produce equivalent scores to the original
Bayley Scales of Infant Development mental subscale at age 24 months; the Peabody Picture Vocabulary
Test and ECLS-B developed literacy and math assessments at age 48 months; and ECLS-B developed
reading and math assessments at kindergarten entry. All of these tests have been normed to the
general population. We also utilized the following demographic measures from the ECLS-B: maternal

education in years, maternal race, ethnicity, and marital status, household size, and child birth weight.

Population weights. Although the IHDP sample is economically and ethnically diverse, it was not
designed so that its demographic characteristics matched those of any larger population. To correct for
this, we constructed a set of weights based on the relative frequency of observations that fell into cells
defined jointly by income (family income below or above 180% of the poverty line), race-ethnicity
(African-American, Hispanic and other [mostly white/non-Hispanic]), maternal schooling (no college, at
least some college) and marital status (married, unmarried) in the IHDP HLBW subsample and the ECLS-
B sample.? All of these demographic characteristics were measured at nine months in the ECLS-B and at

birth in the IHDP, except for family income status, which was measured at 12 months in the IHDP.

Cell frequencies for the two samples and the ECLS/IHDP frequency ratios are given in Table 3.
Relative to the ECLS-B, the IHDP sample overrepresents African-Americans and, to a lesser extent,
mothers with low levels of education. The ECLS/IHDP frequency ratios constitute the weights that we
apply to most of our IHDP-based analyses.’ Because of the multiple imputation of low-income status in

the IHDP, the ratios are allowed to vary across replicates as appropriate.

8 . . . .
Low counts led us to combine categories of some college and college graduate for Hispanics.

° Demographers have long used this kind of sub-classification or post-stratification estimator to calculate mean
outcomes in a population adjusted for differences in covariate distributions between a sample and a population
(Kitagawa, 1964; Cochran, 1968). We use it to identify and estimate population average treatment effects given
subpopulation treatment effects in an experimental sample and data on differences in the covariate distributions
between the experimental sample and population. Generalization from sample treatment effects to population
treatment effects is an active area of research in econometrics (Imbens, 2004; DiNardo and Lee, 2011) and
statistics (Hedges and O’Muircheartaigh, 2011; Tipton, 2012). The crucial assumption is that heterogeneity in
treatment effects is characterized by the combination of maternal ethnicity, marital status, and education. Tipton
refers to this condition as unconfounded sample selection and states that the set of covariates used for ratio
weighting, “must include all covariates that both explain variation in the potential treatment effects and differ in
distribution in the population and the experiment. This is a smaller set of variables than those associated with
potential outcomes, which is the requirement for matching in observational studies.”
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[Table 3 here]

Table 4 presents three sets of descriptive statistics for the IHDP high low birth weight sample.
The first describes the unweighted IHDP HLBW sample and shows it to be a relatively disadvantaged
group of children both in terms of family characteristics such as income as well as cognitive ability, with
the exception of IQ at age one and age-8 achievement.'® The second set of results presents analogous
descriptive statistics after weighting IHDP cases to match the ECLS-B sample on maternal education,
ethnicity, and marital status. This is our analytic sample and includes both treatment and control groups.

Mean cognitive skills and family income are both higher than in the unweighted IHDP sample.
[Table 4 here]

The third set of results presents the clearest evidence of how well the weighted IHDP compares
to the national population. In this case, descriptive statistics are based only on the IHDP control group
cases, which, like the national population, has not been given the IHDP treatment. In the national
population, 1Q z-scores and standardized math and reading achievement would be mean 0 and standard
deviation 1. Up to age 3, IQ means for IHDP controls deviate substantially from national norms.
However, at later ages, the reweighted sample means matches closely national norms. At age 5, the IQ
z-score mean is -0.03 and standard deviation 1.09. At age 8, they are 0.04 and 1.11. The high age-8

achievement means suggest that the reweighted sample over-represents higher achieving students.
IV. Results

Trajectories of low and normal birth weight babies. Since the ECLS-B is nationally representative,
oversampled low birth weight births and measured cognitive ability repeatedly up to the point of
kindergarten entry, it is well suited for providing data on the developmental trajectories of low and
normal birth weight babies. Using the full, weighted ECLS-B sample to standardized its IQ measures to
have mean zero and standard deviation of one, Table 5 shows IQ scores at various ages for normal birth
weight (more than 2,500 grams), high low birth weight (2,000-2,500 grams), and very low birth weight
(less than 2,000 gram) babies.

[Table 5 here]

Age 24 months is the first point at which IHDP’s evaluation measured impacts of its center-

1% Measuring the cognitive ability of infants is difficult, leading us to place relative little weight on the 9 and 12-
month data available in the two data sets.
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based ECE services. In the ECLS-B, measured 1Qs of HLBW babies at 24 months are about one-sixth of a
standard deviation below those of normal birth weight babies; the gap for LLBW babies is about twice as
large. In the case of HLBW babies, the 1Q and, at 48 and 60 months, achievement gaps are within 0.10 sd
of the 24-month 1Q gap, suggesting roughly parallel trajectories. In the case of LLBW babies, the 24-
month gap is larger than any of the later gaps, and math gaps tend to be consistently larger than reading
gaps.™ This adds to our confidence that that result from the IHDP’s HLBW babies may generalize and our

wariness that results from the IHDP’s LLBW babies may not.

Marginal treatment effects by birth weight. We next examined IHDP treatment effects by age
and birth weight for any indication that treatment effects declined with birth weight, which would raise
concerns that IHDP treatment effects might not generalize to normal birth weight babies. If anything,
the opposite was true. Marginal treatment effects with 95% confidence bands are shown in Figure 2 for
standardized 1Q measures taken at 12, 24 and 36 months. We fit linear through fourth-order
polynominals and found that second, third and fourth-order polynomial functions were generally quite

similar. For the sake of conciseness we show only linear and fourth-order polynomial functions.

[Figure 2 here]

" Developmental trajectories of the lighter and heavier LBW babies differed within the IHDP sample as well.
Klebanov, Brooks-Gunn, & McCormick (1994b) study school achievement outcomes among different birth weight
strata using a sample that includes both normal and low birth weight children. They find only small differences
between the normal birth weight (NBW) (> 2, 500 g) and heavier LBW (1,501 -2,500 g) strata. Differences become
pronounced in comparisons to very LBW (1,001-1, 500 g) and extremely LBW children (< 1,000 g). Since the HLBW
sample used below includes only the top half of the heavier LBW range they consider (2,001-2,500 g), differences
with normal birth weight children should be even more muted. In another paper, Klebanov, Brooks-Gunn, &
McCormick (1994a) compared strata’s elementary-school classroom behavior and find even fewer differences
between NBW and HLBW children. As part of a broader literature on the cognitive development of low birth
weight children, McDonald (1964) tested the 1Qs of over 1,066 children aged 6 to 9 who weighed less than 4
pounds at birth. He writes: “When compared with a national sample (of Britain and Wales) matched on social
class, the mean 1.Q. of 98.4 found in the sample was lower than the expected mean of about 103 in Britain at the
present time. But when the 107 children with cerebral palsy, blindness, or deafness were excluded and in addition
eleven (1.8 per cent.) children with I1.Q.s below 50, which may be considered to be pathologically low, the mean
was 102.4. There was thus no evidence that, when children with these handicaps were excluded, the mean I.Q.
differed from that of the general population.” Jefferis et al (2002) draw on data from the 1958 British birth cohort
to develop evidence on whether normal birth weight and low birth weight children experience roughly parallel
developmental trends in math achievement. Of particular relevance to our study, they examine this question
separately for children of higher and lower social class, corresponding roughly to children of higher and lower
income families in our study. Among children of higher social class, those born LBW experience the same changes
in achievement as those born normal birth weight. Among children of lower social class, those born LBW
experience similar changes in achievement as those born normal birth weight. The levels of achievement are
generally lower for LBW versus normal BW children. However, trends are similar.
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Despite frequent home visits during the first year of life, there was virtually no average
treatment effect on age 1 1Q scores, perhaps in part because of unreliability inherent in measuring
cognitive ability at that age. There is some indication of an increasing treatment effect with birth weight,
but the fourth-order polynomial confidence interval fails to include 0 only very close to the 2,500-gram
sample cutoff. Substantial and statistically significant treatment effects are apparent for most birth
weights in the middle (24 months of age) and the very end (36 months) of the center-based IHDP
treatment. In all cases, treatment effects in the 2,000-2,500 gram range (the definition of high low birth

weight) are at least as large as treatment effects at lighter birth weights.

Figure 3 shows marginal treatment effects on 1Q at ages five and eight (three and five years after
the end of the program, respectively), while Figure 4 shows marginal treatment effects on reading and
math achievement at age eight. Treatment/control group differences are less apparent in these figures,
although in all cases the treatment group advantages are at least as large for the HLBW babies as for the
lighter-birth babies. The consistently rising marginal treatment effects for all outcomes across the 2,000
to 2,500 grams range suggest that patterns of treatment effects for the HLBW children can provide a
useful basis for generalizing to at least those normal birth weight babies who are at the lighter end of

the birth weight spectrum.
[Figures 3-4 here]

Treatment main effects and interactions. Proceeding on the assumption that the ECLS-B-
weighted sample of HLBW babies in the IHDP sample can be used to estimate treatment interactions
with income, we present estimates from OLS regression models for all of the available 1Q (Table 6) and
achievement (Table 7) measures in the IHDP. Each table shows coefficients from three models: i) T only;
ii) T and D entered additively, and iii) T and D main effects and their interaction. In all cases we include
controls for site, the child’s sex, gestational age at birth, birth weight and neonatal health index. Results
for the main coefficients of interest are summarized in Table 6, with complete details in Appendix Tables

1-4.
[Tables 6 and 7 here]

Average treatment effect estimates on 1Q for this sample of HLWB babies are given in Model A
of Table 6. Consistent with Figures 2-4, large treatment effects emerge by age two, peak at age three
and, while point estimates continue to be positive, become statistically insignificant by age five.

Treatment impacts on ages 8 achievement are insignificant as well. Model 2 adds a “low income”

13



dummy variable to the model. Estimates show that the age two and three 1Qs of children reared in low-
income families score close to one standard deviation below those of higher-income children, while age
5 and 8 1Qs are half to two-thirds of a standard deviation lower for children reared in low-income
families. All of these differences are statistically significant. Table 7 shows that achievement differences
are similar to the 1Q differences, with a range between one half and one standard deviation between

low and high income children across different ages and subjects.

Treatment effect differences between low and higher-income children are estimated by the
coefficient on the Treatment by Low income interaction variable in Model C. Note that in this
specification the coefficient on the “Treatment” dummy represents the estimated program impact for
children from higher-income families. Treatment impacts on |Q are estimated to be much larger for
children from low-income families than for children from higher-income families — by 0.87 sd at age two
and 1.32 sd at age three. These differences persist two years after the end of the program, as is evident
from the statistically significant +0.86 sd interaction coefficient at age five. The point estimate for the
treatment-by-income interaction (+0.57 sd for age 8 1Q) is substantial in size but statistically
insignificant. Interaction coefficients on reading and math achievement at age eight are both substantial
and statistically significant. The magnitude of these interaction coefficients suggests that an IHDP-type

program might well eliminate quite a bit of the income-based IQ and achievement gaps.

The “Treatment” variable in Model C provides an estimate of the program’s treatment effect on
higher income children. Point estimates for all age 5 and 8 IQ and achievement measures are negative
although always statistically insignificant. So while the data might be taken to suggest that the program
hurt the cognitive development of higher income children relative to their high-income counterparts in
the control group, in no case is that confirmed by a proper significance test. We return to this point in

our discussion section.

Gap closing. We now apply ECLS-B-based population weights to the IHDP data on treatment
effect interactions to estimate the extent to which income-based IQ and achievement gaps would be
closed by an IHDP-type early education intervention between ages one and three offered either
universally or only to low-income children (Table 8 and Figure 5).*> The second row of Table 8 shows

that at age two, after one year of the early childhood education curriculum, the 0.82 sd higher

2 we ignore the age-12-month 1Q as there is no evidence of treatment impacts prior to the start of the
Abecedarian-type curriculum at age 12 months. ECLS-B estimates of the income-based gaps in age-4 PPVT, reading
and math, and age-5 reading are all about .65. The age-5 math gap is .71.
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treatment effect for low- relative to high-income children closed 75% of the 1.35 sd gap in the case of a
universal program and 117% of the gap if the program was offered only to low-income children. A 95%
confidence interval surrounding the 75% gap losing estimate does not include zero but is still quite large,
ranging from 34% to 116%, while the confidence interval for the 118% estimate is somewhat tighter —
78% to 158%. The extent to which income-based gaps at age 3 would be closed by an Abecedarian-type
program is somewhat greater than at age 2 in the case of a universal program and slightly less in the

case of a targeted program.
[Table 8 and Figure 5 here]

A key question motivating our efforts is whether a very high-quality infant and toddler program
might be able to close the school readiness gap between low and higher income children. The age-five
IQ results presented in Table 8 suggest that virtually all of the income-based gaps would be closed by a
universal program. Although it does not include zero, the large confidence interval for the universal
program estimate suggests caution in assigning a single number to this estimate. Surprisingly, only 72%
of the income-based gap in age-five IQ would be closed with a targeted program. The counterintuitive
reduced effectiveness for targeted relative to universal programs comes from the negative point
estimate of age-five IQ impacts for children with incomes above 180% of the poverty line. It is important
to bear in mind that the negative treatment impacts estimated for the age 5 1Qs of higher-income
children was not statistically significant and that the confidence intervals on gap reductions for targeted

and universal program overlap considerably.

While not all the impact estimates at age eight are statistically significant, the pattern suggests
that a universal program would reduce income-based gaps by more than half, while a targeted program
would reduce gaps by one-third to about one-half. Here again, the overlap between the confidence
intervals of target and universal program is considerable and none of the underlying negative treatment
impacts estimates for the 1Q and achievement of higher-income children was statistically significant. So
a safe conclusion from these data is that while we can usually reject the null hypothesis of no gap

closing, we cannot reject the hypothesis of similar gap closings for targeted and universal programs.

The results presented in Tables 6-8 rest on the assumption that the data on low-income status is
missing at random, which helps to provide point identification and is necessary to justify use of multiple

imputation. However, if this identifying condition were not valid, it is possible that results would change
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substantially. Estimates can be more sensitive to missing covariate data than missing outcome data.”* To
assess the sensitivity of the results to the missing-at-random assumption, we relax it and study the set of
parameter values consistent with the model and the observed data, considering all possible
combinations of values for the missing low-income indicators (Horowitz and Manski, 2000; Horowitz et
al, 2003). We estimate the model for each outcome and for each possible combination of missing low-
income indicator values. Across all possible combinations, the minimum and maximum estimated value
of each parameter is recorded, providing estimates of the lower and upper bounds on each parameter.
These are reported in Table 9. By and large their ranges are consistent with the picture provided by our

previous analysis.
[Table 9 here]
V. Discussion

Our paper has sought to answer this question: By how much would an intensive two-year
center-based Abecedarian-type intervention begun at age one close income-based gaps in cognitive
ability and school readiness? We project that at age three — at the end of the program — income-based
gaps would be essentially eliminated with either a universal or income-based targeted program. Income-
based gaps in age five IQ were also substantially reduced (in the case of a targeted program) or
completely eliminated (for a universal program). Our increasingly imprecise estimates suggest that one-

third to three-quarters of the gaps in age 8 1Q and achievement would be eliminated.

Our results make two contributions. First, we inform the debate over targeted versus universal
ECE programs by taking advantage of a well-implemented, intensive early education treatment
administered to a demographically and geographically diverse sample of children. Results from its
random-assignment evaluation design show how much more the 1Qs of low- than higher-income
children profit from such treatments. Second, we use demographic methods to project the impacts of

these results to the national population of young children living in low- and higher-income families.

While it is certainly encouraging to see that school readiness gaps between high and low-income
children might be eliminated with an intensive early education program, several cautions are in order.

First, as with any high-quality center-based program for infants and toddlers, the low (three to one)

B To get some intuition for why, note that E = (X’X)}(X’Y). Missing Y data would enter only the numerator while

missing X data enters both the numerator and denominator. Standard errors on the bound estimates can be
computed by bootstrap but is computationally very intensive.
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staff-to-student ratio and other services offered in their Abecedarian-type treatment made it quite
expensive.™ Moreover, both Abecedarian and IHDP went to great lengths to ensure that their common
curriculum was implemented well. Prudent policy planning should be based on a comparison of benefits
and costs of competing programs, as well as evidence that scale-up does not compromise program
impacts. Neither the Early Head Start program (Love et al., 2005) nor the National Head Start Impact
Study (Puma et al., 2010) indicate very large or enduring impacts on low-income children in their short-
run final reports, although the emergence of longer-run impacts in Perry and from other studies of early
education experiences (e.g., Chetty et al., 2011) caution against premature conclusions. Moreover, the
jury is still out on the efficacy and costs of the many state pre-K programs that have been developed in

recent years.

Second, one should not presume that success in closing the income-based gap generalizes
directly to gaps defined by race or ethnicity. Reardon (2011) shows that trends in the racial gap in tests
scores are quite different than trends in income-based test-score gaps. When we repeated our OLS
regressions of IHDP treatment impacts on 1Q differences between blacks and whites and between
Hispanics and non-Hispanic whites, we did not find the kinds of consistent impact patterns favoring

minority children as we did for low-income children. This is an important issue for future research.

Third, the evolving patterns of impacts found for low- and higher-income children depend upon
the quality of care for control-group children during and after the program. If current patterns of care
quality for low and high-income children differ from those in the late 1980s, then the patterns of
impacts and gap closings found here may not generalize to the current day. Some relevant evidence is
available. Leventhal et al (2004) reports that, in the full IHDP sample at age 5, average preschool
attendance was 24.10 and 23.05 hours/week in the control and treatment groups, respectively. Using
the ECLS-B’s nationally-representative sample of 4 year olds in 2005, Jacobson Chernoff et al (2008)
reports that 57.5% of children report attending center-based care. If these attended an average of 40

hours per week, this would yield a population average of 23 hours/week attendance, very close to the

! Gross et al. (1997) report that running IHDP’s Miami child care site for the final year (children in their third year
of life) cost $15,146 per child. Converting to 2006 dollars using CPI and multiplying by two years puts the cost of
the childcare treatment at just over $60,000. This does not include the modest home-visiting portion of the
treatment that was offered when children were between ages 1 and 3. Because the costs may be lower in a
program that has run for many years, they study the costs of other similar, nonexperimental childcare programs
available to children with developmental disabilities. If we apply the same adjustments, the two-year estimates
total about $48,000. For a similar program that served children free of disabilities and which did not provide
transportation, the two-year cost would be about $29,000.
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IHDP, age-5 average. Furthermore, center-based care participation does not vary by birth weight in the

ECLS-B.

Fourth, while treatment effects on the 1Qs of higher-income children are positive and significant
during and at the end of the program, point estimates of IQ and achievement at age 5 and 8 for these
children are not statistically significant at conventional levels. The point estimates noisy but negative.
This makes the point estimate of the fraction of gap closed larger for the universal than the targeted
program. However, the two programs are estimated to have similar confidence intervals for fraction of
gap closed and this seems a more appropriate way to interpret the results. The estimates provide strong
evidence that a targeted program would close a large share of the gap and that a universal program
would produce similar results, since the program appears to have no significant effect for children from

higher-income families.™

Fifth, unlike Abecedarian, Perry or CPC, the IHDP treatment was care delivered in a center
serving a heterogeneous group of children. If peers matter, then this is part of the treatment effect. A
targeted program that delivers care in a setting with a more homogeneous group of children may

produce different results.

More than two decades ago Lisbeth Schorr wrote of the promise of early childhood intervention
programs in a book titled Within Our Reach (Shorr et al., 1988). More recent work has echoed this
theme (e.g., Ludwig and Sawhill, 2007; Kirp, 2007). At that time, she could only speculate on whether
income-based achievement gaps might be closed with intervention programs. Although based on an
experiment involving low birth weight children, our analysis provides more concrete evidence

supporting these conjectures about the potential of early childhood interventions to close achievement

gaps.

> |f a universal program were implemented, word about null impacts for higher-income households might lead
few of these households to enroll their children in the program. This would eliminate the “negative effect” and
imply an upward bias in our estimates of the effectiveness of a universal program for closing gaps in school
readiness. There is little evidence of differential take-up of IHDP program services during its operation; while low-
income families took up the IHDP’s center-based services on a slightly higher fraction of possible days than did
higher-income families, the difference is small and far from significant. Nevertheless, these considerations lead us
to be more cautious about our universal than targeted estimates. Nonetheless, we present the results, which were
included in our ex ante study plan.
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Table 1: Construction of hypothetical gap closing estimates from the ECLS-B

No program (T=0)

Universal (T=1)

Targeted (T=D)

Predicted outcome among ao agtay Ao
Higher income (D=0)

Predicted outcome among ap-a1 ag-ai+ar+as ag-aitar+as
Low income (D=1)

Predicted Gap ax ai-as ai-ay-as
Portion of gap closed (C,) asfai (ax+asz)/az
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Table 2: Gap closing estimates based on the IHDP and mixed IHDP/ECLS-B

Measures of portion | Universal (T=1) Targeted (T=D)
of gap closed

Co bs/b; (batbs)/b;

Cm bs/a; (batbs)/a;

23



Table 3: Joint distributions over maternal marital status, ethnicity, and education for the

ECLS-B sample and the IHDP HLBW sample, and the ratio of their cell densities

Family income Ethnicity Maternal Marital Status
status & Education
Married Married Unmarried Unmarried
No college Any college No college Any college
IHDP - HLBW sample (n=362)
Low income White/other 0.066 0.025 0.044 0.011
African-Am. 0.052 0.030 0.251 0.033
Hispanic 0.022 0.006 0.052
Not low-inc. White/other 0.036 0.160 0.014 0.008
African-Am. 0.019 0.017 0.019 0.011
Hispanic 0.006 0.008 0.006
Missing Income | White/other 0.014 - 0.022 0.003
African-Am. 0.006 0.003 0.033 0.006
Hispanic 0.003 - 0.014
ECLS-B sample (n=8840)
Low income White/other 0.072 0.053 0.069 0.024
African-Am. 0.011 0.009 0.062 0.016
Hispanic 0.061 0.018 0.077
Not low-inc. White/other 0.064 0.311 0.024 0.022
African-Am. 0.005 0.018 0.006 0.010
Hispanic 0.018 0.031 0.018
Mean (SD) ECLS:IHDP ratio across 10 imputed replicates
Low income White/other | 0.92 (0.02) 2.14 1.17 (0.06) 1.99 (0.22)
African-Am. | 0.18 (0.00) 0.28 (0.01) 0.22 (0.00) 0.43 (0.02)
Hispanic | 2.48 (0.09) 3.32 1.21(0.18)
Not low-inc. White/other | 1.66 (0.08) 1.94 1.16 (0.16) 2.21(0.32)
African-Am. | 0.25(0.00) 0.96 (0.07) 0.25 (0.02) 0.81(0.11)
Hispanic | 3.09 (0.39) 3.69 3.58 (0.88)

Note: Some cells are collapsed owing to small case counts.
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Table 4: Summary statistics for IHDP HLBW sample

IHDP HLBW Sample: All All
Weighted: No ECLS-B Control only ECLS-B
Variable N Mean SD Mean SD Mean SD

Age 11Q z-score 330 0.78 1.04 0.88 1.01 0.86 0.99
Age 2 1Q z-score 322 -0.04 1.36 0.23 1.42 -0.03 1.39
Age 31Q z-score 328 -0.68 1.32 -0.29 1.44 -0.60 1.42
Age 5 1Q z-score 295 -0.43 1.17 0.03 1.18 -0.03 1.09
Age 8 1Q z-score 311 -0.38 1.16 0.09 1.16 0.04 1.11
Age 8 reading achvmt. 308 0.02 1.36 0.42 1.36 0.46 1.35
Age 8 math achvmt. 312 -0.03 1.41 0.27 1.40 0.25 1.38
White/other 362 0.40 0.63 0.61
African-American 362 0.48 0.13 0.14
Hispanic 362 0.12 0.23 0.24
Mother without any college 362 0.67 0.47 0.41
Mother with any college 362 0.33 0.53 0.59
Mother married 362 0.47 0.66 0.70
Mother not married 362 0.53 0.34 0.30

Income/needs ratio at 12

325 1.86 1.88 2.65 2.19 2.70 2.15
months
Income/needs < 1.8 indicator 325 0.66 0.47 0.45
Male 362 0.52 0.53 0.55
Birth weight, kilograms 362 2.26 0.14 2.26 0.14 2.26 0.14
Gestational age at birth 362 34.9 1.54 34.7 1.57 34.9 1.48
Neonatal health index 362 99.0 14.8 96.9 14.0 97.0 14.1
Maternal age at birth 362 24.6 6.07 26.9 6.09 27.3 6.28
Number prior premature,
LBW births 362 0.31 0.62 0.22 0.54 0.20 0.50
Children living 362 1.96 1.12 1.85 1.07 1.90 1.14
Parity/birth order 362 1.99 1.18 1.87 1.09 1.89 1.13
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Table 5: Means and standard deviations for ECLS-B measures of cognitive ability and
achievement trajectories, for normal birth weight, HLBW and LLBW children

Normal birth HLBW LLBW
weight (2,000-2,500 | (Less than 2,000
(Greater than grams) grams)
2,500 grams)
1Q or achievement measure
IQ at 24 months .02 (1.00) -.17 (1.01) -.36 (.96)
N 6534 1026 1355
PPVT 48 months .02 (1.00) -.19 (.98) -.24 (1.02)
6125 962 1320
Reading 48 months .02 (1.00) -.22(.91) -.13 (1.16)
6059 945 1283
Math 48 months .02 (1.00) -.27 (.97) -.25(1.04)
6059 940 1267
Reading 60 months .01 (1.00) -.13(1.01) -.10(1.00)
4941 715 1032
Math 60 months .02 (.99) -.23(1.02) -.25 (1.10)
4941 716 1037
Demographic
characteristics
Maternal education in years 12.86 (2.86) 12.63 (2.69) 12.56 (2.77)
N 7693 1177 1749
Income/ 180% Poverty 1.57 (1.45) 1.33(1.3) 1.32(1.3)
N 7729 1189 1769

Note: Standard deviations are given in parentheses. All IQ scores are standardized based on the

ECLS-B’s weighted national norms to have mean=0 and sd=1.
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Table 6. Treatment effects on IQ z-score by low-income status using IHDP HLBW sample with

ECLS-B weights

Outcome Model
(sample size) A B C
Age 11Q Treatment 0.109 0.112 0.065
(n=330) (0.132) (0.133) (0.177)
Low income -0.037 -0.072
(0.122) (0.171)
Treatment x 0.097
(Low income) (0.253)
Age 21Q Treatment 0.793%** 0.878%*** 0.433*
(n=322) (0.160) (0.223) (0.219)
Low income -0.875*** | -1.181%***
(0.244) (0.270)
Treatment x 0.872**
(Low income) (0.280)
Age 31Q Treatment 0.903*** 1.001*** 0.323
(n=328) (0.147) (0.181) (0.210)
Low income -1.017*** | -1.482%**
(0.192) (0.240)
Treatment x 1.319%**
(Low income) (0.308)
Age 51Q Treatment 0.102 0.148 -0.264
(n=295) (0.116) (0.166) (0.201)
Low income -0.509* -0.820***
(0.246) (0.231)
Treatment x 0.861%**
(Low income) (0.201)
Age 81Q Treatment 0.156 0.224 -0.067
(n=311) (0.158) (0.169) (0.323)
Low income -0.595** | -0.806***
(0.185) (0.196)
Treatment x 0.572
(Low income) (0.361)

Coefficient (within site correlation corrected SE). Significance: *0.10 **0.05 ***0.01.

All models also condition on child gender, birth weight, gestational age at birth, neonatal health

index and site indicators. Estimates in appendix.
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Table 7. Treatment effects on achievement z-score by low-income status using IHDP HLBW
sample with ECLS-B weights

Outcome Model
(sample size) A B C

Age 8 Reading Treatment -0.116 -0.041 -0.456

(n=308) (0.209) (0.261) (0.267)
Low income -0.643*** | -0.936%**

(0.156) (0.123)
Treatment x 0.804***

(Low income) (0.184)

Age 8 Math Treatment 0.120 0.187 -0.137

(n=312) (0.149) (0.206) (0.197)
Low income -0.594* -0.830**

(0.257) (0.281)

Treatment x 0.636**

(Low income) (0.224)

Coefficient (within site correlation corrected SE). Significance: *0.10 **0.05 ***0.01. All models
also condition on child gender, birth weight, gestational age at birth, neonatal health index and
site indicators. Estimates in appendix.
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Table 8: Estimated impacts of IHDP treatment effects on high/low income 1Q and achievement gaps

Age and High-low income gap IHDP IHDP % Gap % Gap closed
outcomes treatment | treatment* | closed from from
effect for Low- universal targeted
non low- income program program
income interaction
subsample
(0) (1) (3) (4) (5) (7)
IHDP bl b2 b3 Cb Cb
mean
difference
IQat9or12 0.24* 0.01 0.11 0.04 159 999
months (0.14) (0.18) (0.18) (0.25) (100545) (182168)
IQ at age 2 1.35%** 1.09** 0.46* 0.82%** 74.8** 117.2%**
(0.18) (0.28) (0.23) (0.30) (22.2) (20.8)
IQ at age 3 1.76%** 1.42%** 0.34 1.28%** 89.4%** 113.4%**
(0.17) (0.24) (0.21) (0.31) (15.2) (8.4)
IQ at age 5 1.08%** 0.76** -0.22 0.77** 101.2* 71.8%**
(0.14) (0.21) (0.22) (0.22) (43.7) (15.8)
IQ at age 8 1.03*** | 0.77*** -0.08 0.52 67.1 56.7**
(0.15) (0.17) (0.29) (0.34) (40.9) (15.9)
Reading at 1.08*** | 0.82%** -0.44 0.74** 89.7* 36.6
age 8 or (0.18) (0.13) (0.27) (0.23) (37.4) (28.6)
grade 3
Math at age 0.96*** 0.76** -0.20 0.64** 83.6™** 56.8**
8 orgrade 3 (0.19) (0.24) (0.19) (0.22) (30.6) (18.6)

Notes: “Low income” is defined as having family income <180% of the U.S. poverty line. Estimates in
the table come from applying ECLS-B-based weights to IHDP data.
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Table 9: Bounds on key parameters from partial identification analysis over all possible combinations of values for
observations with missing low-income status

Parameter | High-low IHDP IHDP treatment* | Gap closed from Gap closed from
income gap: treatment Low-income universal targeted program:
bl effect for non interaction: program: Cb Cb

low-income b3
subsample:
b2
Min. Max. Min. Max. Min. Max. Min. Max. Min. Max.

Age-11Q -0.03 | 0.01 -0.12 .18 -0.08 0.41 -3.7M | 8.9M -3.3M 8.2M

Age-2 1Q 1.05 1.13 0.09 0.55 0.66 1.31 60.7 122.1 108.9 131.1

Age-31Q 1.29 1.45 -0.04 0.48 1.06 1.75 79.5 125.7 110.1 129.0

Age-51Q 0.71 0.80 -0.48 -0.16 0.65 1.12 88.2 146.2 65.1 85.0

Age-81Q 0.70 | 0.82 -0.36 0.01 0.37 0.86 50.1 110.8 50.4 70.8

Age-8 0.74 | 0.89 -0.89 -0.34 0.57 1.26 73.8 158.9 29.4 56.5

Reading

Age-8 0.70 |0.81 -0.59 -0.13 0.51 1.15 70.0 153.1 50.5 75.3

Math

Note: confidence intervals on bounds are 95% percentile confidence intervals.
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Appendix Table 1. Treatment effects on IQ z-score at ages 1, 2 and 3 by low-income status using
IHDP HLBW sample with ECLS-B weights

DV: Agell1Q Age21Q Age31Q
Model: A B C A B C A B C
Treatment 0.109 0.112 0.065 0.793***  (0.878*** 0.433* 0.903***  1,001%*** 0.323
(0.132)  (0.133)  (0.177)  (0.160) (0.223) (0.219) (0.147) (0.181) (0.210)
Low income -0.037 -0.072 -0.875%**  -1,181*** -1.017%** -1.482%**
(0.122)  (0.171) (0.244) (0.270) (0.192) (0.240)
Treatment x 0.097 0.872%** 1.319***
(Low income) (0.253) (0.280) (0.308)
I(Male) -0.127 -0.131 -0.136 -0.210 -0.275 -0.333 -0.016 -0.097 -0.173
(0.212)  (0.216)  (0.216)  (0.209) (0.220) (0.222) (0.054) (0.092) (0.106)
Gest. age at -0.046* -0.045* -0.046* 0.035 0.059 0.051 0.031 0.064 0.048
birth (0.023) (0.022) (0.022) (0.101) (0.096) (0.091) (0.104) (0.100) (0.092)
Birth weight 1.268***  1.271%** 1.283%** -0.017 0.018 0.100 0.151 0.195 0.318
(kg) (0.360)  (0.361)  (0.361)  (0.758) (0.819) (0.875) (0.526) (0.672) (0.692)
Neonatal 0.008* 0.008* 0.008* 0.001 0.004 0.002 -0.003 0.001 -0.002
Health
Index (0.004)  (0.004)  (0.004)  (0.008) (0.007) (0.008) (0.006) (0.006) (0.005)
Obs. 330 330 330 322 322 322 328 328 328
Coefficient (within-site-correlation corrected SE). Significance: *: 10% **:5%  *%*: 1%.

All models include site dummies
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Appendix Table 2. Treatment effects on 1Q z-score at ages 5, 8 and 18 by low-income status using
IHDP HLBW sample with ECLS-B weights

DV: Age51Q Age 81Q
Model: A B C A B C
Treatment 0.102 0.148 -0.264 0.156 0.224 -0.067
(0.116) (0.166) (0.201) (0.158) (0.169) (0.323)
Low income -0.509* -0.820*** -0.595** -0.806***
(0.246) (0.231) (0.185) (0.196)
Treatment x 0.861*** 0.572
(Low income) (0.201) (0.361)
I(Male) -0.060 -0.112 -0.158 0.025 -0.027 -0.063
(0.117) (0.139) (0.140) (0.131) (0.153) (0.163)
Gest. age at 0.033 0.051 0.042 0.083 0.102 0.095
birth
(0.073) (0.068) (0.066) (0.059) (0.060) (0.063)
Bwk 0.582 0.620 0.630 0.364 0.400 0.431
(0.629) (0.690) (0.724) (0.652) (0.643) (0.696)
Neonatal -0.005 -0.003 -0.006 -0.010* -0.008 -0.009*
Health
Index (0.006) (0.006) (0.006) (0.005) (0.005) (0.005)
Obs. 295 295 295 311 311 311

Coefficient (within-site-correlation corrected SE). Significance: #*:10% *%:5%  *%x:1%.
All models include site dummies
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Appendix Table 3: Treatment effects on age 8 Woodcock-Johnson achievement by low-income
status using IHDP HLBW sample with ECLS-B weights

DV: Reading Math
Model: A B C A B C
Treatment -0.116 -0.041 -0.456 0.120 0.187 -0.137
(0.209) (0.261) (0.267) (0.149) (0.206) (0.197)
Low income -0.643*** -0.936*** -0.594* -0.830**
(0.156) (0.123) (0.257) (0.281)
Treatment x 0.804*** 0.636**
(Low income) (0.184) (0.224)
I(Male) -0.393** -0.455*** -0.498*** -0.026 -0.078 -0.118
(0.120) (0.129) (0.139) (0.152) (0.181) (0.181)
Gest. age at birth 0.101 0.123* 0.111 0.142* 0.162* 0.153*
(0.065) (0.061) (0.063) (0.071) (0.076) (0.078)
Birth weight (kg) -0.419 -0.381 -0.350 0.376 0.411 0.445
(0.661) (0.634) (0.688) (0.585) (0.565) (0.587)
Neonatal Health -0.009 -0.007 -0.008 -0.007 -0.005 -0.006
Index (0.006) (0.006) (0.006) (0.007) (0.007) (0.007)
Obs. 308 308 308 312 312 312
Coefficient (within-site-correlation corrected SE). Significance: *: 10% *%:5%  *%x:1%.

All models include site dummies.
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Figure 1: Dotplot of birth weight distribution in IHDP sample. High (low) low
birth weight is above (below) 2 kilograms.
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Figure 2: Average marginal effects on age-1, age-2, and age-3 1Q z-score of
treatment interacted with various polynomials of birth weight in IHDP

sample.
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Figure 3: Average marginal effects on age-5 and age-8 1Q z-score of treatment interacted with
various polynomials of birth weight in IHDP sample
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Figure 4: Average marginal effects on age-8 WJ reading and math achievement of treatment

interacted with various polynomials of birth weight in IHDP sample
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Figure 5: Percent of Cognitive and Achievement Gaps
Closed by Universal and Targeted IHDP, by Age of Child
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