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Abstract 
 

This paper uses the rich diversity in state rules governing access to public 
preschool programs in the U.S. to study the relative cost efficacy of universal 
programs for poor populations. Using age-eligibility rules to construct an 
instrument for attendance, I find that universal preschool generates substantial 
cognitive test score gains for poor 4-year-olds. Preschool programs targeted 
toward poor children do not. These findings are robust to the definition of 
poverty, comparison group, and controls for test scores earlier in life, and cross-
state differences in demographics and alternative care options are not decisive 
factors. Benefit-cost ratios of universal programs remain favorable despite their 
relatively high costs per poor child. An auxiliary analysis suggests that peer 
effects are an important contributor to universal programs’ higher productivity. 
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I.  Introduction 

 In the context of many public programs, key policy parameters involve not just how but 

who – which populations should be eligible for benefits. Policymakers often target benefits based 

on difficult-to-change characteristics correlated with low levels of human capital, in the hopes of 

reducing moral hazard, keeping costs down, and redistributing toward those most in need. But 

there are efficiency rationales for expanding benefits to all individuals who meet broader 

eligibility criteria, such as age requirements, even when many could be infra-marginal for the 

good or service in question. More stakeholders might hold public goods providers more 

accountable, raising the productivity of public spending relative to a targeted program. 

Particularly in cases where there are direct interactions across program beneficiaries, as is the 

case with public education, universality may also allow for human capital spillovers that increase 

the productivity of public spending for the target population. 

 It is nevertheless difficult to gain empirical traction on how eligibility rules impact the 

cost efficacy of a given program for a target population; it requires that the same kind of program 

be observed under widely different conditions of access, a situation that rarely arises in practice. 

Preschool education in the United States provides a rare proving ground. Perhaps nowhere today 

is the question of optimal program access more salient: in 2015-16 – the most recent school year 

with data available – not all states funded pre-kindergarten (pre-K) programs, but among the 43 

states that did, there was great cross-state variation in eligibility rules. Some state programs are 

universal, serving all 4-year-olds that meet age-eligibility requirements; others are means-tested 

or target enrollment based on other risk factors (Barnett et al., 2017).  

In this paper, I use the rich cross-state variation in rules governing eligibility for state-

funded pre-K to compare universal and targeted programs on the same basis, using the same data 
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and research design, and examine whether the benefits of universal programs for low-income 

children exceed what would be expected given their additional costs per poor child. That is, I 

endeavor to test whether universal pre-K is more productive for poor children. Despite a large 

literature on preschool education spanning disciplines, such an exercise has yet to be carried out. 

A mature body of research explores targeted preschool programs, most famously the federal 

Head Start program and the “model” preschool interventions of the distant past.1 There is also 

emergent research on state-funded universal preschools.2 Both streams of literature tend to 

conclude that the benefits of preschool for poor children exceed the costs. Yet it is difficult to 

compare universal and targeted preschool programs directly due to differences across studies in 

methodology, outcomes, timing, and counterfactual enrollment patterns.3  

I address this gap in the literature by working with survey data – the 2001 Birth Cohort of 

the Early Childhood Longitudinal Study (ECLS-B) – that span states where pre-K programs have 

different eligibility requirements and allow for credible estimation of the benefits of participation 

in universal and targeted programs alike. To estimate these benefits, I take advantage of the large 

differences in pre-K attendance rates among preschool-aged children with birthdays near pre-K 

entrance cutoff birthdates. While this source of variation is not new to the pre-K evaluation 

literature, 4 my use of survey data allows me to address a number of limitations of past regression 

                                                             
1 Studies on Head Start include Currie and Thomas (1995), Garces, Thomas, and Currie (2002), Ludwig and Miller 
(2007), Deming (2009), Puma et al. (2010), Aizer and Cunha (2012), Carneiro and Ginja (2014), Bitler, Hoynes, and 
Domina (2014), Walters (2015), and Kline and Walters (2016). Regarding “model” interventions, see Heckman et 
al. (2010), Schweinhart et al. (2005), and recent reviews by Elango et al. (2016) and Almond, Currie, and Duque 
(2017). There are also stand-alone studies on targeted state pre-K in North Carolina (Ladd, Muschkin, and Dodge, 
2014) and Tennessee (Lipsey et al., 2013). 
2 See, for example, Gormley and Gayer (2005), Fitzpatrick (2008), Cascio and Schanzenbach (2013), and Weiland 
and Yoshikawa (2013). 
3 The closest previous work may be Wong et al. (2008), who estimate the short-term cognitive effects of pre-K 
attendance in 2004-05 in five states. While the states differ some in terms of program access, the authors neither 
perform a formal analysis of the influence of access nor present estimates by family socio-economic status.  
4 Indeed, the literature has relied heavily on its use since Gormley and Gayer’s (2005) pioneering application of the 
RD design to Tulsa’s pre-K program. See, for example, Wong et al. (2008) and Weiland and Yoshikawa (2013). 
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discontinuity (RD) applications (Lipsey et al., 2014) – another contribution of this paper. Unlike 

past studies, for example, I can produce consistent estimates of pre-K impacts for an entire birth 

cohort; rich background characteristics, including pretests, also allow for new tests of internal 

validity. Furthermore, with data from all states, I am able to use a comparison group, or to 

exploit the relatively large difference in pre-K attendance rates between 4-year-olds in adjacent 

kindergarten cohorts in states with robust state-funded pre-K programs. I can therefore account 

for age and season of birth effects on outcomes more flexibly than past studies using this source 

of policy variation. 

Consistent with prior literature, I find substantial positive effects of universal pre-K on 

the cognitive test scores of low-income 4-year-olds.5 Universal pre-K eligibility (attendance) 

improves the preschool-age test scores of poor children by a significant 0.25 (one) standard 

deviation; by contrast, the impacts of targeted pre-K eligibility and attendance on early test 

scores of poor children are smaller and indistinguishable from zero. Supporting a causal 

interpretation, my preferred specification does not predict developmental scores at age 2, and the 

higher test score impacts of universal pre-K for poor children are even larger when restricting 

attention to states with full-day programs. Substantive conclusions are also little changed after 

alterations to the control variables and the comparison group. Moreover, cross-state differences 

in demographics and other formal preschool options, combined with effect heterogeneity, cannot 

explain the pattern of findings. Though relatively imprecise, estimates of substitution from other 

reported forms of center-based care in the ECLS-B also look as expected for a low-income 

population today and appear comparable for universal and targeted pre-K. 

The evidence thus suggests that universal pre-K generates larger benefits for poor 

                                                             
5 I define low-income as eligibility for free- or reduced-price lunch, since this is the modal income requirement for 
targeted programs. My substantive conclusions are however robust to alternative definitions.  
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children than targeted pre-K. With this result in hand, I then turn to exploring two causal 

mechanisms – that universal programs spend more per poor pupil and that universal programs 

are higher productivity, or generate larger test score gains per dollar spent. I begin with a 

comparative cost-benefit analysis, where I find evidence that the test score gains of universal 

programs – particularly for reading – exceed what would be expected if the benefits of pre-K 

attendance for poor children were simply proportional to the costs of pre-K provision. Further 

analysis suggests that this “residual,” productivity differential is not explained by differences in 

how states allocate resources across observable program priorities, such as class size and teacher 

education, and must owe at least in part to peer effects, broadly construed. Understanding this 

productivity differential should be a priority for future research. 

II. Program Landscape 

 There has been striking growth in public funding of preschool programs since the early 

1980s. Figure 1 shows trends from 1968 through 2015 in the number of states funding preschool 

(left axis) and in enrollment rates of 3- and 4-year-olds in the federal Head Start program and 

public preschool overall (right axis).6 In the early 1980s, only four states funded pre-K programs; 

by 2015-16, this figure reached 43 states and the District of Columbia. Public preschool 

enrollment rates have risen alongside this increased state funding commitment. This is 

particularly the case for 4-year-olds, for whom enrollment in Head Start – the other primary 

provider of public preschool – has stagnated since the early 1990s. State-funded pre-K programs 

indeed focus on 4-year-olds: administrative data show that during 2015-16, 32% of 4-year-olds 

were enrolled, compared to 5% of 3-year-olds (Barnett et al., 2017). 

                                                             
6 Data on public preschool enrollment rates by age are calculated from the October Current Population Survey (CPS) 
School Enrollment supplements. Head Start enrollment rates divide Head Start enrollments reported by the Head 
Start Bureau by cohort size estimates based on Census Bureau estimates for July 1, 2005. State funding dates were 
constructed from program narratives published by NIEER (Barnett et al., 2017). 
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The 2001 birth cohort of the ECLS-B – this study’s focus – would have first aged into 

pre-K eligibility at age 4 in the fall of 2005. At this time (vertical line in Figure 1), state funding 

for pre-K was not that different than it is today: 38 states and Washington, D.C. funded 

programs. As is also true today, some programs had no eligibility requirements beyond age – 

universal programs – whereas others were also means-tested or used other risk factors, like low 

parental education, to determine eligibility – targeted programs. My analysis focuses on 14 state 

programs where in 2005-06, there as an enrollment differential favoring 4-year-olds of at least 8 

percentage points and a state-established date by which the youngest enrollees were to have 

turned age 4 that did not fall in the middle of a month, according to statistics and program 

narratives published by the National Institute for Early Education Research (NIEER) (Barnett et 

al., 2006).7  

Given these selection criteria, these 14 state programs were unsurprisingly among the 

larger ones operating in 2005-06.8 In fact, Figure 2 shows that of the five states with the largest 

pre-K programs in terms of enrollment shares at that time – Florida, Georgia, Oklahoma, Texas, 

and Vermont – only Vermont is excluded from the analysis. Figure 2 also distinguishes between 

universal and targeted states that meet the criteria outlined above. Universal states to be 

considered include Georgia and Oklahoma, which have two long-standing and well-studied 

universal pre-K programs (Gormley and Gayer, 2005; Wong et al., 2008; Fitzpatrick, 2008, 

2010; Cascio and Schanzenbach, 2013). The targeted programs include Tennessee’s, the only 

state-funded pre-K program to date subjected to randomized evaluation (Lipsey et al., 2013).  

Variation along the vertical axis of Figure 2 suggests no systematic relationship between 

                                                             
7 I cannot consider all states with pre-K programs due to constraints imposed by the ECLS-B and my empirical 
strategy. See Section III and Appendix A.  
8 The (population-weighted) state-funded pre-K enrollment rate for 4-year-olds for these 14 states was 34.5 percent 
in 2005-06, compared to only 10.3 percent for the remaining 24 states with programs. 
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universality and a commonly-used 10-point metric of state pre-K standards, also reported by 

NIEER. Average per-pupil costs of universal and targeted programs are also about the same, at 

about $3,400-$3,500 (Appendix Table 1).9 These statistics suggest that the higher costs of 

universal pre-K per poor pupil are more about “buying” poor children access to higher-income 

peers than to other resources; the cost differential between universal and targeted programs for 

the low-income population is the cost of peers.  Even so, the corresponding benefit differential 

may reflect more than just peer effects: there is variation in how those funds are allocated, or in 

which standards states adopt, on average. In particular, targeted programs on average impose 

more teacher training and credentialing requirements than universal ones, but are on less likely to 

require small classes and low staffing ratios (Appendix Table 1). 

The comparative cost-benefit analysis later in paper then implicitly asks whether the 

benefits stemming from higher-income peers and a resource mix favoring smaller class sizes 

over greater teacher education exceed the costs of higher-income peers. The benefits from 

higher-income peers may come in many forms – their presence may attract teachers of higher 

unobserved quality,10 raise expectations for academic achievement,11 or foster productive peer 

interactions, at least insofar as patterns of local residential segregation allow. The importance of 

classroom effects among young children is well-documented (e.g., Chetty et al., 2011). However, 

the benefits of smaller classes in early education are as well (Krueger, 1999), so both types of 

benefits may very well contribute to any conclusion that universal pre-K is more productive. In 

                                                             
9 The enrollment base for universal programs includes higher-income children who would not be eligible for a 
targeted program. 
10 Sabol et al. (2013) find that scores on the Classroom Assessment Scoring System (CLASS) do a better job than 
inputs (staff qualifications and class size) and learning environment (as measured by the Early Childhood Education 
Rating System – Revised, or ECERS-R) in predicting test score gains over the pre-K year. 
11 If prompted to focus on relatively advanced material, teachers may accelerate the learning gains of most students. 
For example, Engel, Claessens, and Finch (2013) show the more time teachers spend on more advanced 
mathematics content, the more children gain in math scores over kindergarten year, regardless of demographics. 
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exploring mechanisms, I examine whether the additional benefits of universal pre-K for poor 

children persist after differences in resource mix are taken into account. 

III. Research Design and Data 

The basic relationship of interest is between state-funded pre-K attendance and children’s 

cognitive test scores at preschool age. Since attendance is not mandatory and programs 

themselves often not fully funded, children who attend state-funded pre-K may have unobserved 

characteristics that influence their achievement directly; a simple comparison of scores test 

across attendees and non-attendees will be biased.  

I bring an empirical approach to this identification problem that is similar in spirit – but 

not implementation – to that taken first in the pre-K evaluation literature by Gormley and Gayer 

(2005). At base, I wish to compare preschool-aged children with 4th birthdays near pre-K 

eligibility cutoff birthdates, the idea being that children with 4th birthdays right on or before the 

cutoff (e.g., Sept. 1) should have a much higher probability of being enrolled in pre-K that school 

year despite being on average similar in all ways – observed and unobserved – to the children 

with 4th birthdays right after. If it were thus possible to compare the preschool-age test scores of 

children born right on the cutoff date to those born the day after (e.g., Sept. 1 versus Sept. 2) – to 

compare the test scores of the oldest child in one pre-K entry cohort to the youngest child in the 

next – one could then recover the causal effects of pre-K eligibility and, ultimately, attendance. 

 In practice, the available data are often insufficient to make such a sharp comparison; 

even when information on exact birthday is available, there are generally too few observations 

on a daily basis to generate informative estimates. It is then common to widen the range of 

birthdates under consideration, but with the recognition that children with birthdays on opposite 

sides of the cutoff date no longer have the same potential on average. In fact, even if these 
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children have similar unobserved characteristics, they differ along an observed dimension – age 

– that is strongly related to child development (e.g., Elder and Lubotsky, 2009). The RD solution 

is to assume that age effects on test scores are smooth, or can be modeled with a polynomial 

function in age that is continuous through the birthdate cutoff.  

The ECLS-B provides information on month of birth, not exact birthdate, and data on 

children across the U.S., not just in specific states or school districts. These data support an 

alternative approach – a comparison of 4-year-olds in adjacent kindergarten entry cohorts in 

states with the pre-K programs identified in Section II – the “treatment” states – versus other 

states.12 These 17 other, comparison states had a state-established kindergarten cutoff birthdate in 

fall 2006 that was not in the middle of the month but had pre-K enrollment rates that were either 

too low or not different enough between 3- and 4-year-olds to be considered treatment states 

(Appendix Table 2).13 Differences in preschool-age test scores across adjacent kindergarten entry 

cohorts in the comparison states are intended to capture what would have happened for children 

in the treatment states in the absence of pre-K, due to aging or other factors. 

This is a difference-in-differences (DD) design. Setting aside the distinction between 

universal and targeted programs for now, the basic model of interest is  

(1) 𝑦"# = 𝜃𝑒𝑙𝑖𝑔"#×𝑡𝑟𝑒𝑎𝑡# + 𝛾𝑒𝑙𝑖𝑔"# + 𝛼𝑡𝑟𝑒𝑎𝑡# + 𝑣"#, 

where yis is an age 4 (preschool-age) test score of child i in state s. treats is a dummy equal to one  

if s is a treatment state (Appendix Table 1), and universal and targeted treatment states will be  

considered in different specifications. eligis is then a dummy equal to one if i is in the earlier (or 

                                                             
12 In treatment states, cutoff birthdates for pre-K in fall 2005 are the same as those for kindergarten in fall 2006 
(from Barnett, et al., 2007), so kids in adjacent pre-K entry cohorts are also in adjacent kindergarten entry cohorts. 
13 The comparison states thus include states without pre-K programs and states whose pre-K programs did not serve 
4-year-olds nearly exclusively (see Figure 2). For the second group of states, it would be impossible to detect a first 
stage using this research design and the ECLS-B. All comparison states are listed in Appendix Table 2, and the 
process of their selection is described in Appendix A. 
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older) entry cohort, set to enter kindergarten in fall 2006 rather than fall 2007 (and pre-K in fall 

2005 rather than fall 2006 in treatment states). That is, eligis = 1[ageki - ageks
* ≥ 0], where ageki 

is child i’s age in months on September 1, 2006, and ageks
* is the minimum age in months for 

kindergarten entry in state s on September 1, 2006.14 So intuitively, if all states had September 1 

cutoff birthdates for kindergarten entry, eligis would equal one for children born January through 

August 2001, and zero for children born September through December 2001.15  

The coefficient of interest in model 1 is θ, which captures how much more (or less) 

kindergarten entry cohort relates to the preschool-age test scores of children in treatment states, 

universal or targeted depending on the specification. In an analogous (first-stage) model for pre-

K attendance, the anticipation is that the corresponding coefficient on eligis x treats is positive 

and both educationally and statistically significant. If, in turn, pre-K attendance improves their 

test scores, there should be relatively large preschool-age test score gains in the treatment states 

associated with being in the older kindergarten cohort, or θ should be positive. For least squares 

to produce unbiased estimates of θ – of the impacts of pre-K eligibility, or intent-to-treat (ITT) 

effects – it must also be the case that differences in unobserved determinants of outcomes across 

entry cohorts do not systematically differ with state program type.  

To increase the chances that this is the case, my estimation focuses on a DD model with 

less restrictive direct effects of cohort (or age eligibility for kindergarten) and state of residence: 

(2) 𝑦"# = 𝜃𝑒𝑙𝑖𝑔"#×𝑡𝑟𝑒𝑎𝑡# + 𝛾2𝑒𝑙𝑖𝑔"#23
2456 + 𝛼# + 𝑣"#, 

                                                             
14 Without exact birthday, I must include children who are eligible for kindergarten in fall 2006 (e.g., those turning 5 
on September 1, 2006 in a state with a September 1 cutoff date) in the fall 2007 kindergarten cohort. If births are 
uniformly distributed across days, this should lead to a small attenuation bias in estimates of the eligibility impacts. 
Thus, I minimize attenuation bias by excluding states with cutoff dates closer to the middle of the month. 
15 Ten of the 14 treatment states and 12 of the 17 comparison states actually do require entering pre-kindergartners 
to be age 4 on August 31 or September 1 – roughly the start of the typical school year.  Many of the remaining states 
(3 of the treatment states and 1 comparison state) require pre-kindergartners to be age 4 one month later (September 
30 or October 1). See Appendix Tables 1 and 2. 
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where αs represents a vector of state fixed effects and the eligis
m

 represent a series of dummies for 

age in months relative to the minimum age in months for kindergarten entry, or eligis
m

 = 1[ageki - 

ageks
* = m], where -4 ≤ m ≤ 7.16  This model thus does not require that age effects be continuous 

and smooth in the absence of pre-K. This is useful because of collinearity between season of 

birth and age and the fact that season-of-birth effects need not be smooth, and because there may 

be differences in outcomes across cohorts for other reasons (Gelbach, 2002; Fitzpatrick, 2010).  

These sources of bias have typically not been considered in past studies on children’s outcomes. 

Use of the ECLS-B also allows me to address other limitations of existing studies. First, 

past RD studies have employed samples of pre-K students in adjacent school entry cohorts, 

precluding clean identification of the impacts of pre-K eligibility and attendance in the 

population at large (Lipsey et al., 2014). With data on a representative sample from the ECLS-B, 

I am able to produce estimates of the true effects of the treatment on the treated (TOT) by 

instrumenting for pre-K attendance, prekis, in the model 

(3) 𝑦"# = 𝛽𝑝𝑟𝑒𝑘"# + 𝜆2𝑒𝑙𝑖𝑔"#23
2456 + 𝛿# + 𝜀"# 

with eligis x treats, using two-stage least squares (TSLS). Second, unlike previous studies, I have 

ample data on baseline characteristics, including birth weight and earlier (age 2) outcomes, with 

which to evaluate the internal validity of the research design. Third, I also not only observe but, 

via the use of a comparison group, can also evaluate impacts of pre-K on enrollment in 

alternative care and education options for the same cohort of children affected by pre-K. Fourth, 

the test score outcomes are designed to be age-appropriate and are measured before children 

attending pre-K would have progressed to kindergarten.  (See Appendix A for a further 

description of the ECLS-B.)  

                                                             
16 Because September 1 is the modal cutoff date (Appendix Tables 1 and 2), I restrict the sample to children born in 
the 8 months before their state cutoff date (0 ≤ ageki - ageks

*≤ 7) or in the 4 months after (-4 ≤ ageki - ageks
*≤ -1).  
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IV. Exploratory Analysis 

The validity of my empirical approach rests on two assumptions. The first is that there is 

a first-stage relationship between pre-K eligibility and attendance, or that the interaction of 

kindergarten cohort and residence in a treated state, eligis x treats, predicts pre-K attendance in 

the 2001 birth cohort as of the 2005-06 academic year.  The second is that this interaction does 

not predict unobserved correlates of test scores. I begin by providing some evidence that these 

assumptions are met. 

By way of background, Table 1, Panel A gives pre-K attendance rates in 2005-06 in the 

ECLS-B estimation sample by family income and whether the respondent resided in a state 

funding a universal or a targeted pre-K program.17 Since it is the modal income eligibility 

criterion for the targeted states under consideration, I consider a child to be low-income if 

eligible for free or reduced-price lunch (family income ≤ 185% of the federal poverty line 

(FPL)).18 Administrative information on the pre-K attendance of the ECLS-B respondents is 

unavailable, so I estimate it using provider and parental reports of care type. Because some state-

funded programs operate through private schools or child care centers (Barnett et al., 2006), 

however, this measure is likely misclassified. Misclassification is arguably more severe for 

higher-income children, as discussed in Appendix B, but could still be empirically important for 

low-income children. Because the dependent variable is binary, misclassification will attenuate 

                                                             
17 My estimation sample consists of all children with non-missing preschool-age cognitive assessments and 
demographic and background characteristics residing at preschool age in one of the 14 treatment states or 17 
comparison states and 5 years old between 8 months before and 4 months after their state’s kindergarten entry cutoff 
– a total of 4,950 observations. Reported sample sizes are rounded to the nearest 50, per IES rules to protect 
confidentiality of ECLS-B respondents. See Appendix A. 
18 The eligibility criterion is relevant for four targeted states – Texas, Maryland, Colorado, and Tennessee – which 
together account for 61 (73) percent of 4-year old population (state-funded pre-K enrollment) in the states with 
targeted programs listed in Appendix Table 1. The remaining states have tighter income eligibility requirements 
(Kansas) or no explicit income requirements, but risk factor requirements that correlate strongly with income 
(Illinois, South Carolina, Virginia). I test the sensitivity of my conclusions to the definition of low income below. 
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DD coefficient estimates in the first-stage (Aigner, 1973). 

Even so, they should demonstrate anticipated patterns to the extent that reported pre-K 

attendance in the ECLS-B carries some signal. Figure 3 provides graphical evidence to this 

effect. To elucidate how the DD estimates are constructed, the first graph in each panel shows 

pre-K attendance rates in 2005-06 by program type in one’s state of residence (universal, 

targeted, comparison) and by age relative to the minimum age for kindergarten entry (in two-

month intervals to reduce noise). Age is increasing along the horizontal axis, with the first two 

points representing ages at which children would not have been eligible to attend kindergarten in 

fall 2006 (and pre-K in fall 2005 in treatment states).  The second graph in each panel then 

shows the difference in means between each treatment group and the comparison group, relative 

to what that difference was for the children who just missed eligibility (-2 ≤ ageki - ageks
*≤ -1), 

adjusted for state fixed effects and month of assessment dummies to match the baseline 

specification. Aside from age being grouped into intervals, this is a generalization of model 2.  

Consider the estimates for low-income children, in Panel A. All three groups of states 

show similar 2005-06 pre-K attendance rates among low-income children who were not eligible 

to attend kindergarten until fall 2007 (or pre-K until 2006 in treatment states). However, in 

universal and targeted states alike, a substantial divergence in pre-K attendance rates from the 

comparison states emerges for children eligible to start pre-K in fall 2005. The treatment-

comparison gap in 2005-06 pre-K enrollment rates is between 18 and 33 percentage points larger 

among eligible children than among those who just missed eligibility. Estimates are larger and 

more likely to be statistically significant for universal states than for targeted ones, but the effects 

are statistically indistinguishable across groups. This is to be compared to the estimates for 

higher-income children, in Panel B. Here, there appears an impact of eligibility on the pre-K 
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attendance of children in states with universal programs. However, there is no effect on their pre-

K attendance in states with targeted programs, for which higher-income 4-year-olds should have 

been largely (or entirely) ineligible. 

The even-numbered columns of Table 1, Panel A show the corresponding DD estimates, 

i.e., subgroup-specific coefficients (standard errors) on eligis x treats from model 2, with prekis as 

the dependent variable.19 The estimates imply that the gap in 2005-06 pre-K enrollment rates 

between the 2006 and 2007 kindergarten cohorts for low-income children is 23.2 percentage 

points higher in states with universal pre-K programs than in the comparison states. For low-

income children in targeted states, this differential gap amounts to 17.9 percentage points. For 

higher-income children in states with universal programs, it is a bit lower, at 14.1 percentage 

points, but still significantly greater than for higher-income children in targeted states 

(p=0.0485). While it is reassuring to see these patterns in the data, the possibility of attenuation 

bias in the first stage means that the ITT (eligibility, or model 2) estimates for outcomes may be 

more informative than the TOT (attendance, or model 3) ones.20  

 The remainder of Table 1 gives means and analogous DD estimates for demographic and 

background characteristics for each estimation subsample. These DD estimates provide an 

informal test of whether model 2 is identified; if it is, eligis x treats should have little predictive 

power with regard to these observed correlates of test scores, just as it should have little 

predictive power for unobservables. And indeed, these estimates suggest that age-eligibility rules 

provide for relatively clean identifying variation for low-income children (columns 2 and 4): the 

DD coefficients are jointly statistically insignificant and individually significant differences arise 

                                                             
19 As in Figure 3, I cluster standard errors on state of residence-by-month of birth (the level of the treatment) and 
weight the analysis using sampling weights. 
20 TSLS does not produce consistent estimates of coefficients on misclassified binary regressors (Bound, Brown, and 
Mathiowetz, 2001).  See Appendix B for further discussion of potential attenuation bias in this study. 
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about as often as would be expected by chance, though the sometimes large coefficients suggest 

that estimation controlling for these variables as controls is preferable. While my focus is on the 

impacts of universal and targeted programs for low-income children, effects for higher-income 

children are important for assessing whether a cost-benefit analysis based on low-income 

children only understates the overall benefits of universal programs. Though it is more likely an 

artifact of sampling variation than of explicit sorting (Dickert-Conlin and Elder, 2010), the fact 

that the balance test fails more often for higher-income children in universal states suggests some 

caution in interpreting estimates for this subsample.  

V. Effects of Pre-K Eligibility on Preschool-Age Test Scores 

A. Baseline Estimates 

 Table 2 presents model 2 estimates of the effects of age-eligibility for pre-K on the 

reading and math scores of respondents in the third (preschool-age) wave of the ECLS-B, 

separately for each of the four access-by-income subgroups; the corresponding estimates for pre-

K attendance, which vary little across specifications, are in Appendix Table 3. The baseline 

specification includes the eligibility indicators (the eligis
m), state fixed effects, and month of 

assessment dummies, along with the demographic and background variables listed in Table 1, 

Panel B, as controls. Test scores are standardized to have a mean of zero and a standard 

deviation of one within the full sample. Mean test scores for the ineligible sample in treatment 

states (row 1 of each panel) replicate prior literature in suggesting that the large gaps in test 

scores by SES emerge even at an early age (e.g., Reardon, 2011). 

Against this backdrop, consider the baseline estimates for reading scores, shown in Panel 

A. For low-income children in states with universal pre-K programs (column 1), the estimated 

DD coefficient from model 2 is a statistically significant 0.247. This estimate implies that the 
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gap in 2005-06 school year reading test scores between low-income children in the 2006 and 

2007 kindergarten cohorts is about 0.25 standard deviations higher in states with universal pre-K 

programs than in the comparison states. By contrast, for low-income children in states with 

targeted state-funded pre-K programs (column 2), the baseline DD estimate is negative, and 

though not significantly different from zero, significantly different from that for low-income 

children in universal pre-K (p=0.008). The estimated effect of universal pre-K eligibility on the 

reading scores of higher-income children (column 3) is close to zero and not statistically 

significant, but I cannot reject equality with the estimated effect of universal pre-K eligibility for 

lower-income children (p=0.221).21 The same general pattern of estimates emerges for math 

scores, in Panel B, though these estimates, particularly for low-income children, are less precise. 

Figure 4 shows supporting graphical evidence for reading scores like what was shown for 

pre-K attendance in Figure 3; the figures for math scores are in Appendix Figure 1. The 

regression estimates (subpanel 2) are adjusted for demographics in addition to month of 

assessment and state fixed effects, to match the baseline specification. There is a fairly strong 

age gradient in scores among all groups of states, and the higher level and stronger age trend in 

test performance of higher-income children is evident in the comparison of means between 

Panels A and B. However, a relatively large treatment-comparison test score gap among eligible 

children only emerges for low-income children, and only in universal states. Indeed, targeted and 

comparison states have very similar average reading scores for low-income children regardless 

of age, consistent with the null findings for targeted programs. There is also little evidence of the 

gradient for higher-income children changing as they age into universal pre-K eligibility. Test 

                                                             
21 Yet, such a finding would be consistent both with a framework where higher-income children have relatively 
high-quality care and education options in the absence of universal pre-K and with much existing evidence on 
universal preschools both in the U.S. and worldwide (Cascio, 2015; Elango et al., 2016).  
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scores also don’t seem to be changing for higher-income children in states with targeted 

programs (see also the baseline specification in Table 2, column 4), supporting the key 

identifying assumption that the interaction between kindergarten cohort and state program type is 

not related to unobserved characteristics that predict test scores.   

Figure 5 considers the possibility of sorting on unobservables – and whether a causal 

interpretation is appropriate – in a different way, showing the relationship between age and 

mental development scores at toddler age (measured in the second wave of the ECLS-B), again 

separately by family income and state program type.22 If eligible children in universal states have 

greater unobserved potential to score well on tests conditional on their observables, such a 

correlation would arguably appear earlier in life. Though confidence intervals are wide, there is 

no evidence of such an effect for these children or indeed for any of the subsamples; the DD 

coefficients are relatively close to zero, statistically insignificant, and not statistically different 

from one another across groups (Appendix Table 4).  Adding toddler-age development scores as 

controls (the next specification in Table 2) barely changes the estimates. 

The implied effects of universal pre-K attendance on the test scores of low-income 

children at preschool age are sizable. This can be seen by scaling the ratio of the estimated effect 

of universal pre-K eligibility on scores by the corresponding first-stage effect of universal 

eligibility on pre-K attendance, or by estimating model 3 by TSLS using eligis x treats as the 

excluded instrument. For universal pre-K, the TSLS estimates of 𝛽 for both reading and math 

scores are about one standard deviation in magnitude (Appendix Table 5).23  While an effect of 

                                                             
22 Appendix Figure 2 shows motor scores on the same test.   
23 The OLS estimate of the pre-K attendance effect (not shown) is much smaller and not statistically significant. It is 
common to find TSLS estimates for test scores much larger in magnitude than OLS in studies that use age-eligibility 
to construct instruments for schooling in young populations (e.g., Cascio and Lewis 2006; Anderson et al., 2011) or 
age in grade (e.g., Elder and Lubotsky, 2009; Cascio and Schanzenbach, 2016). 
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this magnitude may seem quite large – and indeed may be inflated somewhat due to attenuation 

in the first-stage (see Appendix B) – it is in line with recent estimates of the effects of exposure 

to the earliest years of universal elementary education (e.g., Anderson et al., 2011; Fitzpatrick, 

Grissmer, and Hastedt, 2011). Likewise, though imprecise, smaller effect sizes for attending a 

targeted pre-K are consistent with the relatively small short-term test score gains from targeted 

preschool from recent randomized evaluations (Puma et al., 2010; Kline and Walters, 2016; 

Lipsey et al., 2013).  

B. Specification Checks 

For the estimates in Table 2 to identify the effects of pre-K eligibility, it must be the case 

that there are no other reasons to believe outcomes would have differed with eligibility (or across 

kindergarten entry cohorts) more in the treatment states than the comparison states. While the 

tests for balance on observables in Table 1 and the regressions for test scores at age 2 provided 

evidence consistent with this assumption, it is useful to probe the sensitivity of the estimates to 

further modifications to the specification.  

The next part of Table 2 shows the DD estimates for test scores under two modifications 

to the sample. The first is to the comparison group: instead of including all 17 states, I limit 

attention to the 8 comparison states that had pre-K programs in 2005-06 (Panel A of Appendix 

Table 2); by revealed preference, these states may be more similar to the treatment states, and 

thus may do a better job of representing the counterfactual.24 This sample restriction increases 

the estimated impacts of universal pre-K eligibility on the reading scores of low-income children 

without appreciably changing impacts on pre-K attendance (Appendix Table 3), thus generating 

                                                             
24 Recall that these 8 states are not treatment states either because their pre-K programs are too small or because 
those programs serve a high share of 3 year olds relative to 4 year olds, based on external (NIEER) data. In both 
cases, it would likely be difficult to detect a first-stage impact on pre-K enrollment.  
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even larger attendance (TOT) effects (Appendix Table 5). Focusing on a narrower window of 

observations around the cutoff dates, as shown next, also reinforces the conclusion that universal 

pre-K programs outperform targeted ones for low-income children.  

Another concern with the baseline specification is with how the data are stratified, since 

not all states with targeted pre-K used free- or reduced-price lunch eligibility as an income 

requirement. Figure 6 plots DD estimates of the impacts of pre-K eligibility on pre-K attendance 

and both reading and math scores by quintiles of a socio-economic status (SES) index derived 

from factor analysis on parental education, parental occupation, and family income. Universal 

pre-K eligibility yields statistically significant attendance effects through the fourth quintile of 

the index, whereas first-stage estimates for targeted programs diminish monotonically with SES 

and are only significant for the lowest quintile (Panel A). The corresponding DD estimates for 

math scores (Panel C) are relatively noisy, consistent with the findings in Table 2.  But those for 

reading scores (Panel B) show monotonically declining benefits of universal pre-K in SES. In 

general, these findings suggest that my baseline sample stratification captured the key elements 

of the effects in the data. 

C.  Potential State Confounders 

 Differences in the impacts of universal and targeted programs are statistically 

meaningful, and this a result that has survived multiple specification checks. Still, states with 

universal programs may just happen to have other characteristics that make pre-K eligibility 

more productive for a typical resident, contributing to incorrect conclusions about the importance 

of universality per se. It is important to rule out this possibility before moving on to exploring 

causal mechanisms. 

Demographic Heterogeneity?  First, though the means in Table 1 do not provide a strong 
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indication, the populations of states with universal programs may be weighted toward 

demographics for whom the benefits of pre-K are higher. I assess this possibility by estimating 

the triple-difference model:  

(4)  𝑦"#= = 𝜃>?𝑒𝑙𝑖𝑔"#×𝑡𝑟𝑒𝑎𝑡#×𝑢𝑛𝑖# + 𝜃?𝑒𝑙𝑖𝑔"#×𝑡𝑟𝑒𝑎𝑡# + 𝜃B𝑒𝑙𝑖𝑔"#×𝑡𝑟𝑒𝑎𝑡#×𝐷" + 𝛿𝑒𝑙𝑖𝑔"#×𝐷" +

																																																											 𝛾2=𝑒𝑙𝑖𝑔"#23
2456

E
=4F ×𝑃= + 𝛼#= + 𝑥"#×𝑃=E

=4F
I
𝜋= + 𝜔"#=, 

where unis and treats represent, respectively, a dummy for whether s is a universal (treated) state 

and a dummy for whether s is a treatment state at all (universal or targeted), and Di is a particular 

demographic characteristic. All of the controls are interacted with an indicator for the estimation 

sample, Pj =1[j=p], with p=1 for the universal pre-K estimation sample and p=0 for targeted pre-

K estimation sample. Excluding the interactions with demographics (eligis x treats x Di and eligis 

x Di), θUT is then the difference in the baseline DD estimates for universal and targeted pre-K 

programs presented in Table 2, and θT is the baseline DD estimate for targeted programs.  

Of interest is then estimation with the demographic interactions included, which adjusts 

estimates of θUT for the correlation between universality and the demographic characteristic in 

question. The second column in Table 3 presents estimates of θUT and of the θD, coefficients 

capturing demographic heterogeneity in the effects of pre-K eligibility.25 Because the 

characteristics in Table 1, Panel B are correlated with one another, I include them all at the same 

time, generalizing model 4. For reading scores, the magnitude and statistical significance of the 

universal-targeted differential in estimated program effects shrinks only a little relative to the 

baseline difference of 0.3 standard deviations (column 1). There is also demographic 

heterogeneity in the expected direction for reading scores; for example, children whose mothers 

have lower education levels appear to gain more from pre-K.  

                                                             
25 See Appendix Table 5 for analogous estimates for preschool-age math scores. 
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Differences in the Counterfactual? Second, the counterfactual matters for interpretation:  

if there were fewer center-based care alternatives to universal pre-K than to targeted pre-K, we 

would expect to see relatively large test score effects of universal pre-K, all else constant.26  As a 

preliminary exploration of this possibility, in the third column of Table 3, I substitute two 

measures of Head Start availability based on external data – the fraction of low-income 3- and 4-

year-olds who were enrolled in Head Start programs in the state during 2005 – for the 

demographic characteristics (in the interactions) in model 4. Because there is little difference 

between states with universal versus targeted pre-K programs in Head Start enrollment rates, 

allowing for heterogeneous effects of pre-K eligibility by these rates does not appreciably affect 

the estimates. Similarly, allowing for heterogeneity in eligibility effects by the estimated private 

preschool attendance rate of 3- and 4-year-olds (from the October CPS), does not change my 

conclusions (column 4).  

A limitation of this approach to the counterfactual is that the establishment of universal 

programs may in fact change the child care and early education sectors, making the state 

program environment endogenous.27 Table 4 therefore looks directly at how pre-K eligibility 

affects enrollment in other types of care – Head Start, other center-based care, informal non-

parental care, and parental care.28 With the exception of a marginally significant reduction in the 

likelihood of Head Start attendance among children in targeted programs, none of the DD 

estimates for the individual alternative care options (Panel B) are statistically significant for low-

income children (columns 2 and 4); they are also not statistically different from one another. 

                                                             
26 In re-analyses of data from the Head Start Impact Study, Feller et al. (2015) and Kline and Walters (2016) find 
that Head Start has much smaller impacts on children who would have otherwise been in center-based care. 
27 See, for example, Bassok, Fitzpatrick, and Loeb (2014) and Bassok, Miller, and Galdo (2016). 
28 These variables are mutually exclusive and, along with pre-K, span the space of possible education and care 
options for preschool-age children; the DD coefficients therefore add up to zero across all categories.  Reassuringly, 
reported Head Start enrollment rates for low-income children in universal and targeted states are quite similar to 
what they are in the administrative data. 

20



Pooling together the formal and informal care options, however, I find a statistically meaningful 

shift away from informal care associated with both types of state programs, and the implied 

effects of pre-K attendance on informal care are quite similar in magnitude for low-income 

children in universal and targeted states; for every 10 children enrolled in state-funded pre-K, six 

would have otherwise been in informal care.29 This is very similar to the incidence of “crowd 

out,” or program substitution, in the recent Head Start Impact Study (Feller, et al., 2016; Kline 

and Walters, 2016)  

 Full-day versus Half-day Programs. As a final test for confounding state characteristics, 

I split the universal and targeted states into those with full-day programs and those with half-day 

programs.30 If universal programs are truly more effective, the differential benefits associated 

with universal pre-K attendance should be higher when those programs have longer school days.  

While these regressions therefore also provide a nice test of internal validity, the comparison 

implicitly relies on a weaker identifying assumption: universal states can have other 

characteristics that make pre-K more productive, as long as those characteristics don’t differ 

systematically with the length of the school day. These estimates, shown near the bottom of each 

panel of Table 2, suggest that, for low-income 4-year-olds, the gap in benefits between universal 

and targeted programs is larger when those programs are full-day.  This is particularly evident 

for reading scores, which is also shown graphically in Figure 7.  

VI. Why are the Benefits of Universal Pre-K Relatively Large? 

Taken together, the evidence suggests that universal pre-K programs are significantly 

                                                             
29 TSLS estimates (cluster robust standard errors) of the effect of pre-K attendance on informal care are -0.64 (0.27) 
for low-income children in universal states and -0.62 (0.32) for low-income children in targeted states. 
30 The length of the school day is sometimes at local discretion. In these cases, I classify states as having full-day 
programs if their share of 4-year-old public school preschoolers attending full-day programs in the 2004-2006 
October CPS School Enrollment Supplements is in line with those in states where full-day programs are allowed or 
required.  Treatment states with full-day programs include Georgia, New York, Oklahoma, and West Virginia 
(universal states) and Illinois, Kansas, South Carolina, Tennessee, and Virginia (targeted states).  
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more beneficial than targeted ones for low-income children, particularly in terms of reading. 

There are two broad candidate explanations: (1) universal programs spend more per poor pupil; 

and (2) universal programs are more productive, or generate higher benefits per poor pupil for 

every dollar spent.  Both may be important. In this section, my first objective to determine 

whether greater productivity could be contributing factor in addition to higher spending – 

whether the test score gains from universal pre-K exceed what would be expected on the basis of 

higher per poor pupil spending alone, or whether there is a residual benefit differential once 

differences in program costs are taken into account.  I then move on to a more tentative analysis 

of the forces contributing to any productivity differential. 

A. Comparative Cost-Benefit Analysis 

As was laid out in Section II, per-pupil costs of both program types are similar, so the 

cost differential across programs per poor pupil owes basically entirely to the cost of enrolling 

higher-income children in universal programs. I estimate that this cost differential is substantial:  

average annual spending per poor pupil in universal pre-K is nearly 2.5 times as high as it is for 

targeted pre-K – $8,323 versus $3,386 (L,NON
N,NLP

≈ 2.46; Appendix Table 1).31 A natural starting 

point for the cost-benefit analysis is therefore to test whether the test score impacts of universal 

pre-K are (at least) 2.5 times as high as those of targeted pre-K.  

I conduct this test in Table 5, Panel A.  Because costs are normalized by enrollment 

rather than population, I begin with TSLS estimates of test score effects, or more formally, I test 

the null of 𝛽?VWV> − 2.46𝛽?VWV? = 0 against the alternative that 𝛽?VWV> − 2.46𝛽?VWV? > 0. In column 

                                                             
31 These figures are in 2005 dollars and include state, local, and federal revenue when reported (Barnett, et al., 
2017). To obtain average annual spending per poor child for universal pre-K, I divide average annual spending per 
child ($3,350) by the population share of 4-year-olds in treatment states with universal programs for whom family 
income is at or below 185% FPL (from the 2005 American Community Survey). I thus assume that low-income 
children take up universal pre-K at the same rate as their representation in the population at large.  
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1, I use TSLS estimates of the effects of pre-K on the reading scores of low-income children 

from the baseline specification (Appendix Table 5).  I marginally reject the null in favor of the 

alternative (p=0.073). Misclassification in pre-K attendance may impart different biases on the 

TSLS estimates for universal and targeted programs (see Appendix B), however, so I allow for 

that possibility by using the DD (eligibility, or ITT) effects for test scores in column 2.32 The 

conclusions strengthen (p=0.033), but estimation error in the first stage is no longer accounted 

for. In column 3, I then apply TSLS estimates for the average of reading and math scores 

(Appendix Table 7), rather than reading scores alone. I cannot extend the conclusions about 

productivity to math and reading combined (p=0.19), but this is perhaps unsurprising given the 

relative imprecision of the estimates for math scores.  

That said, a limitation of these first three calculations, especially with regard to the more 

general question of program productivity, is that they assume no benefits of universal pre-K 

accrue to higher-income children. That is, children who are not poor may benefit from universal 

pre-K, and indeed, my estimates are consistent with this possibility.33 In the final two columns of 

Table 5, I therefore rely on estimates of the impacts of universal pre-K in the population overall 

(Appendix Table 8) and on average costs of universal pre-K per pupil, rather than per poor 

enrollee ($3,550 per year).  The underlying participant populations now differ in SES, and 

because there is reason to believe that misclassification in pre-K attendance is worse for higher-

income children (Appendix B), I rely on the DD rather than the TSLS estimates for these tests. I 

am able to reject the null for universal and targeted programs even when using average reading 

                                                             
32 In the absence of misclassification, the TSLS estimates would be strictly preferred since the true effects on pre-K 
attendance of low-income children may differ across universal and targeted states even if, as is the case here, the 
first stage coefficient estimates on the excluded instrument are close in magnitude and statistically indistinguishable. 
33 Recall that I am unable to reject even the same test score effects of universal pre-K for higher-income and low-
income children. 
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and math scores (p=0.080; column 5).  

On balance, these findings suggest that universal programs may yield larger test score 

gains per dollar spent, particularly for reading. However, these tests could be considered naïve 

because they don’t account for the fact that the marginal low-income pre-K participant may have 

been enrolled in some form of publicly-funded center-based care in the absence of pre-K, as 

suggested in Table 4. Thus, regardless of program type, net public spending per poor pupil is 

arguably lower than the sticker price.    

I consider this possibility with the tests in Panel B.  Following Kline and Walters (2016), 

let 𝜑\ represent the per-pupil cost of providing program j, 𝑆\ be the likelihood that the marginal 

program participant j would have otherwise been enrolled in center-based care (Head Start or 

private preschool or daycare), and 𝜑^
\ be average per-child public expenditure on the alternative 

program. The test of interest is now whether 

(5)  𝛽?VWV> − _`5_a`V`
_b5_abVb

𝛽?VWV? > 0.34 

As shown in Appendix C, this test is equivalent to a test of whether a marginal value of public 

funds (MVPF) that accounts for fiscal externalities from program substitution (Hendren, 2016) is 

higher for universal programs than for targeted ones. In practice, I allow poor children to switch 

from other center-based care at a rate consistent with the Table 4 estimates – 36% for universal 

pre-K and 38% for targeted pre-K, or 𝑆>=0.36 and 𝑆?=0.38 – which as noted are in line with 

expectations for program substitution in a low-income population.35 Following Kline and 

                                                             
34  The test in Panel A, which assumed no program substitution was a special case of this more general hypothesis 
with 𝑆> = 𝑆? = 0. 
35 In columns 4 and 5, I incorporate the relatively high rate of program substitution for children who are not low-
income (Table 4).  Pooling the sample across family income, the TSLS estimate (cluster robust standard error) of the 
effect of universal pre-K attendance on formal care is -0.464 (0.227).  I therefore assume 𝑆>=0.46. 
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Walters (2016), and also consistent with Table 4, I then assume that 𝜑^
\ = 0.75𝜑e

\ , where 𝜑e
\	is 

the per pupil cost of Head Start in states with program type j.36 

 These assumptions weaken the conclusion that universal pre-K is more productive, 

especially when considering low-income children alone. The reason is that targeted pre-K costs 

nearly half as much per pupil as Head Start, whereas universal pre-K costs a little more per poor 

pupil. Much larger public savings therefore accrue from substituting targeted pre-K programs for 

Head Start, raising the breakeven universal-targeted benefit ratio dramatically relative to the case 

with no program substitution.  The breakeven universal-targeted benefit ratio also increases 

when higher-income children are included among the beneficiaries of universal programs, but for 

a different reason:  while there is more program substitution in the population overall, a lower 

share moves away from publicly-funded programs. Based on my assumptions on the cost 

parameters, I am now able to reject the null hypothesis in only two scenarios, both of which rely 

on the DD estimates for reading scores (columns 2 and 4).  

 But there are other fiscal externalities that are not accounted for in Panel B and which 

favor universal pre-K.  As Kline and Walters (2016) describe and also as outlined in Appendix 

C, the net costs to the government of pre-K are reduced further by the additional tax 

contributions of program participants in adulthood. These additional tax contributions are much 

larger for universal programs than for targeted ones, given the relatively large test score effects 

of universal programs. In fact, using the calibration parameters applied by Kline and Walters 

(2016) and the TSLS point estimates from the present study, the net cost of universal pre-K is 

negative. With a net cost to the government of universal pre-K approaching zero, the differential 

                                                             
36 As shown in Appendix Table 1, 𝜑e> ≈ $7,600 and  𝜑e? ≈ $7,000 (nominal dollars for 2004-05, as reported in 
Barnett et al. (2006)). In columns 4 and 5, where I include higher-income children in the estimation sample for 
universal programs, I assume that 𝜑^> = 0.35𝜑e>, to account for the fact that higher-income children do not 
substitute away from Head Start and make up a little over half of the state population. 
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between program types in costs – even per poor child – arguably favors universality.   

B. What Drives the Benefit “Residual”? 

While the findings in Table 5 are less precise than might be ideal, they provide a 

reasonable amount of confidence that universal pre-K produces larger test score gains per dollar 

than targeted pre-K, particularly for reading. I interpret this “residual” benefit differential of 

universal programs once differential costs are accounted for as representing the productivity 

impacts of universal access. A natural next question to ask is then: why might this productivity 

differential exist? As described in Section II, the benefit differential and therefore any 

productivity differential could derive not only from the presence of higher-income peers – which 

may, among other things, yield greater political accountability or classroom spillovers – but also 

from the slightly different resource mix in universal states.   

With the available data, I am able to examine whether differences in resource mix are a 

contributing factor. First, I can adapt model 4 to allow for heterogeneity in program eligibility 

effects by whether a state requires, for example, a class size of no greater than 20 and staffing 

ratios no worse than 10:1. More specifically, let Qs represent the number of standards met in a 

particular program area – staffing (2 possible standards) and teacher training and credentialing (4 

possible standards).37 Substituting Qs for Di in model 4, I continue to find that universal 

programs generate significantly larger reading gains per poor child (Appendix Table 9).  

Second, I re-estimate the models – and conduct the tests in Table 5 once again – dropping 

Florida and Texas from the estimation sample. Among universal states, Florida lacks any teacher 

teaching or credentialing requirements but has both NIEER staffing requirements. Among states 

with targeted programs, Texas lacks the staffing requirements but mandates three of the four 

                                                             
37 For comparison states without pre-K programs, these variables are equal to zero. 
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NIEER teacher training and credentialing requirements (Appendix Table 1). These states are 

large and therefore influential on the average difference in standards across states; dropping them 

from the estimation sample diminishes these differences.38 As shown in the final entry of each 

panel in Table 2, the estimated eligibility effects of universal and targeted programs alike are 

higher with Florida and Texas excluded, but the differential between them actually grows.39  

These supplementary findings are considerably more speculative than those presented 

earlier in the paper. In particular, the estimates are too imprecise to apply fruitfully to cost-

benefit calculations like those in Table 5, and decisions over resource allocation are endogenous; 

states emphasizing teacher education standards may have unobserved characteristics that make 

pre-K eligibility and attendance less productive. Still, the suggestion that the benefits of 

universal programs for poor children are not driven by observed program standards and is worthy 

of note and future investigation, pointing to the importance of peer effects, broadly construed, for 

delivering any efficiency benefits of universal programs.  

VII.  Conclusion 

This paper has presented new estimates of the impacts of preschool education in the U.S., 

and by harnessing the benefits of observing children from across the country in an underused 

longitudinal survey, moved the literature forward in at least two meaningful ways. First, I have 

presented comparable estimates of the immediate cognitive test score impacts of both universal 

and targeted pre-K for poor 4-year-olds, based not only on the same data but also the same 

research design. I have found evidence that universal pre-K outperforms targeted pre-K for poor 

                                                             
38 For example, dropping Florida and Texas from the list of treatment states, population-weighted averages for the 
number of teacher training and credentialing requirements met (out of four possible) are 1.9 and 2.8 for universal 
and targeted pre-K states, respectively. For the number of staffing requirements met (out of two possible), these 
averages are 1.8 and 1.9, respectively. Dropping children from Florida and Texas from the estimation sample 
therefore narrows gaps in average standards across the two groups of states, and indeed, makes the two groups of 
states nearly identical in terms of staffing requirements.  
39 I have applied these estimates to the tests in Table 5 and they are unfortunately no more informative. 
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children, and that the differential in test score effects is large enough to conclude that universal 

pre-K is more productive than targeted pre-K, generating larger benefits per dollar spent.  

Second, I have addressed several long-standing limitations of the pre-K evaluation literature, 

particularly in the context of studies exploiting age-eligibility rules for identification. Most 

notably, the survey data support the use of a comparison group, estimation of valid TOT effects, 

and incorporation of new tests of internal validity. 

This study is of course not without limitations in relation to both the literature on 

preschool education and the broader issue of eligibility considerations in policy design. With 

regard to the former, the findings only pertain to short-term cognitive effects for one cohort. That 

said, the immediate cognitive test score gains from educational intervention are predictive both 

of later academic performance (Duncan et al. 2007) and of adult outcomes like earnings (Chetty 

et al., 2011), suggesting that the test score impacts documented here could well manifest over the 

longer term, as I assume in the cost-benefit analysis. Moreover, that my focus has been on a 

recent cohort may actually be valuable: if anything, the impacts of early childhood intervention 

appear to have declined over time (Duncan and Magnuson, 2013). This makes the size of the 

attendance impacts for universal pre-K all the more striking and worthy of future investigation. 

These findings contribute to an ongoing and spirited policy debate over the optimal 

design of early childhood education programs.  But while the findings provide a concrete 

example of a public program where universal eligibility enhances productive efficiency, the 

implications might not extend to situations where public goods are not directly provided by the 

government, or even beyond public education. Given the idiosyncratic features of policy debates 

over access, it is important to study the impacts of eligibility rules on the output and productivity 

of other public programs directly.  
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Notes: Data on public preschool enrollment rates by age are 3-year moving averages calculated from the 
1968-2016 October Current Population Survey (CPS) School Enrollment supplements. Head Start enrollment 
rates divide Head Start enrollments reported by the Head Start Bureau by cohort size estimates based on 
annual (as of July 1) national age-specific population estimates from the Census Bureau. State funding dates 
were constructed from program narratives published by the National Institute for Early Education Research 
(Barnett et al., 2017).   
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Notes: Data are from Barnett et al. (2006); dot sizes represent the size of the state’s 4-year-old population.  
The quality standards checklist (vertical axis) has 10 points, one for each of 10 program standards: 1 point for 
comprehensive early learning standards, 4 points for teacher training and credentialing requirements (teacher 
has BA, specialized training in pre-K, assistant teacher has Child Development Associate (CDA) or 
equivalent, at least 15 hours of in-service training annually), 2 points for staffing ratios (maximum class size 
no larger than 20, staff-child ratio 1:10 or better), 2 points for comprehensive services (vision, hearing, health, 
and one support service, at least one meal provided), and 1 point for a site visit requirement.  
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Notes: Data are from the ECLS-B. Panel A corresponds to respondents who were eligible for free- or 
reduced-price lunch in 2005-06; Panel B corresponds to respondents who were not. Subpanel 1 of each panel 
plots average pre-K attendance rates at preschool age (in 2005-06) by age relative to the minimum age for 
kindergarten entry (2-month bins) for treated states with universal pre-K programs, treated states with 
targeted pre-K programs, and comparison states; see notes to Appendix Tables 1 and 2 or Appendix A for 
lists of states. The dots in subpanel 2 of each panel represent, separately for treatment states with universal 
programs and treatment states with targeted programs, the coefficients on interactions between a treatment 
dummy and a series of dummies for age relative to the minimum age for kindergarten entry (2-month bins) 
from a regression that allows for direct effects of each of these (sets of) variables in addition to month of 
assessment dummies and state fixed effects. The interaction with the dummy for missing eligibility by 1 to 2 
months is omitted for identification. Capped vertical lines represent 95% confidence intervals, with standard 
errors clustered on state by month of birth.  
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Notes: Data are from the ECLS-B. Panel A corresponds to respondents who were eligible for free- or 
reduced-price lunch in 2005-06; Panel B corresponds to respondents who were not. Subpanel 1 of each panel 
plots the average standardized (mean 0, variance 1) reading score at preschool age (in 2005-06) by age 
relative to the minimum age for kindergarten entry (2-month bins) for treated states with universal pre-K 
programs, treated states with targeted pre-K programs, and comparison states; see notes to Appendix Tables 1 
and 2 or Appendix A for lists of states. The dots in subpanel 2 of each panel represent, separately for 
treatment states with universal programs and treatment states with targeted programs, the coefficients on 
interactions between a treatment dummy and a series of dummies for age relative to the minimum age for 
kindergarten entry (2-month bins) from a regression that allows for direct effects of each of these (sets of) 
variables in addition to month of assessment dummies, state fixed effects, and the demographic and 
background variables listed in Table 1, Panel B. The interaction with the dummy for missing eligibility by 1 
to 2 months is omitted for identification. Capped vertical lines represent 95% confidence intervals, with 
standard errors clustered on state by month of birth.  
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Notes: Data are from the ECLS-B. Panel A corresponds to respondents who were eligible for free- or 
reduced-price lunch in 2005-06; Panel B corresponds to respondents who were not. Subpanel 1 of each panel 
plots the average standardized (mean 0, variance 1) mental development score on the Bayley Scales of Infant 
Development at toddler age by age relative to the minimum age for kindergarten entry (2-month bins) for 
treated states with universal pre-K programs, treated states with targeted pre-K programs, and comparison 
states; see notes to Appendix Tables 1 and 2 or Appendix A for lists of states. The dots in subpanel 2 of each 
panel represent, separately for treatment states with universal programs and treatment states with targeted 
programs, the coefficients on interactions between a treatment dummy and a series of dummies for age 
relative to the minimum age for kindergarten entry (2-month bins) from a regression that allows for direct 
effects of each of these (sets of) variables in addition to month of assessment dummies (in both wave 2 and 
wave 3), state fixed effects, and the demographic and background variables listed in Table 1, Panel B. The 
interaction with the dummy for missing eligibility by 1 to 2 months is omitted for identification. Capped 
vertical lines represent 95% confidence intervals, with standard errors clustered on state by month of birth. 
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Notes: Each dot in each panel represents an estimate of θ in model 2 restricting attention to children in states 
with universal or targeted programs (in both cases relative to the same group of comparison states) in the 
designated quintile of the ECLS-B index for socio-economic status. The SES index is measured 
contemporaneously with outcomes (in 2005-06) and is derived from factor analysis on parental education, 
parental occupation, and family income. The underlying regression also includes indicators for month of 
assessment and the demographic and background characteristics listed in Table 1, Panel B. The capped 
vertical lines represent 95% confidence intervals, with standard errors clustered on state by month of birth. 
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Notes: Data are from the ECLS-B. Panel A corresponds to treatment states with full-day state-funded pre-K 
programs; Panel B corresponds to treatment states with half-day state-funded pre-K programs. Subpanel 1 of 
each panel plots the average standardized (mean 0, variance 1) reading score at preschool age (in 2005-06) by 
age relative to the minimum age for kindergarten entry (2-month bins) for treated states with universal pre-K 
programs, treated states with targeted pre-K programs, and comparison states; see notes to Appendix Tables 1 
and 2 or Appendix A for lists of states. The dots in subpanel 2 of each panel represent, separately for 
treatment states with universal programs and treatment states with targeted programs, the coefficients on 
interactions between a treatment dummy and a series of dummies for age relative to the minimum age for 
kindergarten entry (2-month bins) from a regression that allows for direct effects of each of these (sets of) 
variables in addition to month of assessment dummies, state fixed effects, and the demographic and 
background variables listed in Table 1, Panel B. The interaction with the dummy for missing eligibility by 1 
to 2 months is omitted for identification. Capped vertical lines represent 95% confidence intervals, with 
standard errors clustered on state by month of birth.  
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Notes:  Coefficients in the even-numbered columns are on the interaction between a dummy for being eligible for kindergarten in 2006-07 (the same as a dummy for being eligible 
for pre-K in 2005-06 in a treatment state) and a dummy for being in a treatment state from a regression that also includes dummies for state of residence, for month of assessment, 
and for month age five relative to the state kindergarten entry cutoff birthdate in 2006-07. Treatment states are those with state-funded pre-K programs focused much more on 4-
year-olds than 3-year-olds and statewide minimum age at pre-K entry cutoffs not in the middle of the month; treatment states with universal programs are FL, GA, NY, OK, WI, 
WV, and treatment states with targeted programs are CO, IL, KS, MD, SC, TN, TX, VA. Comparison states have statewide age at kindergarten entry regulations; some comparison 
states have relatively small pre-K programs (AL, CA, DE, MO, NM, OH, OR, WA), while others lack pre-K programs (AK, HI, ID, IN, MS, ND, RI, SD, UT). A child is deemed 
eligible for K in 2006-07 if he /she turned age 5 in time to start K in fall 2006, given his/her date of birth and the kindergarten entry age regulations in effect in 2006-07 reported by 
Barnett, et al. (2007). Sample is limited to children who turn age 5 between 4 months after and 8 months before the cutoff date, and a child is considered low income if his 
(preschool age, or 2005-06) family income is at or below 185% FPL. Means and regressions are weighted by longitudinal sampling weights, and standard errors (in parentheses) 
are clustered on state x month of birth. a Measured at preschool age, or in 2005-06 (wave 3 interview).  b rounded to the nearest 50.

Table 1. Descriptive Statistics and Balance Tests on Key Variables, by Family Income and Program Type

Children:
States:

Mean Coef. (se) Mean Coef. (se) Mean Coef. (se) Mean Coef. (se)
(1) (2) (3) (4) (5) (6) (7) (8)

A.  Treatment variable
Pre-kindergartena 0.253 0.232 0.223 0.179 0.417 0.141 0.263 0.047

(0.051) (0.047) (0.064) (0.049)
B.  Background characteristics

Age in monthsa 52.385 0.012 52.227 -0.047 52.295 0.079 51.642 -0.015
(0.057) (0.065) -0.056 (0.044)

Female 0.516 0.041 0.476 -0.031 0.466 0.083 0.487 -0.008
(0.081) (0.062) (0.052) (0.056)

Black non-Hispanic 0.295 0.014 0.280 0.028 0.097 0.064 0.101 0.029
(0.058) (0.054) (0.028) (0.028)

Hispanic 0.206 -0.012 0.402 -0.086 0.134 -0.032 0.177 0.042
(0.057) (0.051) (0.047) (0.045)

Low birth weight 0.086 0.043 0.104 0.019 0.075 0.011 0.067 0.012
(0.024) (0.028) (0.022) (0.018)

Non-English at homea 0.183 -0.009 0.254 -0.014 0.091 0.011 0.101 0.009
(0.047) (0.043) (0.035) (0.040)

Maternal education ≤ HSa 0.728 0.088 0.749 0.082 0.251 0.054 0.227 -0.047
(0.061) (0.063) (0.062) (0.049)

Both biological parents in HH a 0.506 -0.058 0.586 -0.020 0.829 -0.11 0.850 0.008
(0.056) (0.056) (0.050) (0.048)

p -value: joint test for background chars 0.58 0.35 0.06 0.62

Observationsb 550 1,600 650 1,650 650 1,850 900 2,100

Universal Targeted Universal
Low-income

Targeted
Not Low-Income
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Notes:  The DD coefficient is that on the interaction between a dummy for being eligible for kindergarten in 2006-07 (synonymous 
with a dummy for being eligible for pre-K in 2005-06 in a treatment state) and a dummy for being in a treated state from a regression 
that also includes dummies for state of residence, for month of assessment, and for month age five relative to the state kindergarten 
entry cutoff birthdate in 2006-07.  See Appendix Tables 1 and 2 and Appendix A for a definition of treatment and comparison states. 
Unless otherwise given, sample is limited to children who turn age 5 between 4 months after and 8 months before the kindergarten 
entry cutoff birthdate (N=1600, 1650, 1850, and 2100, respectively, across columns 1-4), respectively); a child is considered low 
income if his (preschool-age or 2005-06) family income is at or below 185% FPL; regressions are weighted by longitudinal sampling 
weights; and standard errors (in parentheses) are clustered on state x month of birth.  a Additional controls include age at assessment, 
dummies for female, Hispanic, black non-Hispanic, low birth weight, non-English at home, mom has high school degree or less, and 
both biological parents in household. b Missing test scores imputed and indicated with dummy variables to maintain sample size. c 
Comparison states limited to those with state-funded pre-K programs in 2005-06 (AL, CA, DE, MO, NM, OH, OR, WA) (N=1250, 
1350, 1550, and 1750 across columns 1-4, respectively). d Sample is limited to children who turn age 5 between 4 months after and 4 
months before the kindergarten entry cutoff birthdate (N=950, 950, 1100, and 1250 across columns 1-4, respectively). e Programs are 
classified as full-day if the state funds full-day programs or allows localities to choose full-day programs and the full-day public 
enrollment rate is high; see Appendix A (N=1400, 1400, 1600, and 1800 across columns 1-4, respectively, for full-day programs; 
N=1250, 1250, 1450, and 1500 across columns 1-4, for half-day programs). f N=1400, 1450, 1650, and 1850 across columns 1-4, 
respectively.

Table 2.  Difference-in-Differences Estimates of the Effects of Pre-K Eligiblity on Preschool-Age Test Scores

Children:
States: Universal Targeted Universal Targeted

(1) (2) (3) (4)

Ineligible mean -0.645 -0.582 0.056 -0.102

Baselinea 0.247 -0.063 0.017 -0.090
(0.109) (0.093) (0.119) (0.096)

Age 2 scores as controlsb 0.248 -0.032 0.021 -0.061
(0.105) (0.090) (0.106) (0.094)

Pre-K states only in comp. groupc 0.356 0.010 0.006 -0.089
(0.109) (0.095) (0.136) (0.116)

+/- 4 months from cutoff d 0.271 -0.004 0.114 -0.011
(0.127) (0.100) (0.137) (0.113)

Full-day programse 0.366 0.002 -0.080 -0.148
(0.143) (0.104) (0.169) (0.096)

Half-day programse 0.046 -0.145 0.125 0.002
(0.110) (0.138) (0.116) (0.139)

Drop FL and TXf 0.331 0.006 -0.064 -0.137
(0.139) (0.101) (0.158) (0.098)

Ineligible mean -0.680 -0.642 0.089 -0.132

Baselinea 0.245 0.049 -0.030 -0.069
(0.129) (0.116) (0.104) (0.093)

Age 2 scores as controlsb 0.238 0.080 -0.011 -0.052
(0.122) (0.111) (0.097) (0.093)

Pre-K states only in comp. groupc 0.395 0.164 -0.030 -0.052
(0.141) (0.132) (0.112) (0.099)

+/- 4 months from cutoff d 0.355 0.057 0.060 -0.018
(0.147) (0.130) (0.108) (0.105)

Full-day programse 0.262 0.059 -0.039 -0.066
(0.176) (0.135) (0.142) (0.102)

Half-day programse 0.173 0.049 -0.020 -0.071
(0.141) (0.182) (0.121) (0.117)

Drop FL and TXf 0.222 0.083 -0.028 -0.028
(0.169) (0.134) (0.137) (0.098)

Low-income Not low-income

A.  Reading Scale Scores (Standardized)

B.  Math Scale Scores (Standardized)
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Notes:  The table reports estimates of model 4.  Only the triple interactions are shown to conserve on space; the relevant characteristics are given in the column header.  Sample is limited 
to children with (preschool-age, or 2005-06) family income at or below 185% FPL.  Regressions are weighted by longitudinal sampling weights, and standard errors (in parentheses) are 
clustered on state x month of birth. a Head Start enrollment rates are the number of children enrolled in Head Start programs in the state in 2005 (from Head Start Program Information 
Reports) divided by the estimated population of children in the state in that age group for whom family income is at or below 185% FPL (based on Census Bureau estimates of population 
as of July 1, 2005 and the author's calculations of the share of children eligible for free- or reduced-price lunch in the 2005 American Community Survey). b Based on the author's 
calculations from the 2004 through 2005 October Current Population Survey School Enrollment Supplements. 

Table 3.  Treatment Effect Heterogeneity and the Universal-Targeted Difference in DD Estimates:  Low-Income Children

Baseline

All 
Demographic 

Chars.

Head Start 
Enrollment 

Rates a

Private 
Preschool 

Enrollment 
Rates b Baseline

All 
Demographic 

Chars.

Head Start 
Enrollment 

Rates a

Private 
Preschool 

Enrollment 
Rates b

(1) (2) (3) (4) (1) (2) (3) (4)

DDD Coef. (se) on elig x treats x ... :
Universal pre-K 0.309 0.273 0.272 0.328 0.055 0.061 0.004 0.047

(0.116) (0.118) (0.117) (0.120) (0.053) (0.056) (0.049) (0.052)
Demographics:
   on elig x treats x Di Age in months - -0.002 - - - -0.007 - -

(0.013) (0.008)
Female - 0.007 - - - -0.011 - -

(0.097) (0.046)
Black non-Hispanic - 0.184 - - - 0.018 - -

(0.115) (0.059)
Hispanic - -0.081 - - - 0.086 - -

(0.145) (0.069)
Low birth weight - 0.123 - - - 0.004 - -

(0.094) (0.061)
Non-English at home - 0.121 - - - -0.125 - -

(0.145) (0.071)
Maternal education ≤ HS - 0.271 - - - -0.060 - -

(0.101) (0.057)
Both biological parents in HH - -0.088 - - - -0.096 - -

(0.106) (0.055)
Head Start:

% of low-income 3-year-olds - - 0.052 - - - 0.023 -
(0.030) (0.018)

% of low-income 4-year-olds - - -0.028 - - - -0.039 -
(0.027) (0.013)

Private Preschool:
% of 3- and 4-year-olds - - - 0.018 - - - -0.002

(0.017) (0.007)

A.  Reading Scale Scores (Standardized) (N=3,250)

Add interaction of eligibility with: Add interaction of eligibility with:

B.  Pre-K Attendance (N=3,250)
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Notes:  Coefficients in the even-numbered columns are on the interaction between a dummy for being eligible for kindergarten in 2006-07 (the same as a dummy for being eligible for pre-K 
in 2005-06 in a treatment state) and a dummy for being in a treatment state from a regression that also includes dummies for state of residence, for month of assessment, and for month age 
five relative to the state kindergarten entry cutoff birthdate in 2006-07, and the demographic and background controls listed in Table 1, Panel B; Appendix Tables 1 and 2 and Appendix A for 
a listing of treatment and comparison states.  Sample is limited to children who turn age 5 between 4 months after and 8 months before the cutoff date, and a child is considered low income if 
his (preschool-age or 2005-06) family income is at or below 185% FPL.  Means and regressions are weighted by longitudinal sampling weights, and standard errors (in parentheses) are 
clustered on state x month of birth.  a rounded to the nearest 50.   

  

Table 4. Impacts of Pre-K Eligibility on Alternative Care Arrangements, by Family Income and State Program Type

Children:
States:

Ineligible Ineligible Ineligible Ineligible
Mean Coef. (se) Mean Coef. (se) Mean Coef. (se) Mean Coef. (se)

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

A.  Treatment variable:
Pre-kindergarten 0.122 0.233 0.132 0.177 0.286 0.151 0.159 0.043

(0.048) (0.048) (0.065) (0.049)
B.  Alternatives to Pre-K:

Formal:
Head Start 0.177 -0.061 0.197 -0.097 0.019 0.008 0.024 0.036

(0.067) (0.058) (0.024) (0.025)
Other center-based care 0.174 -0.023 0.0804 0.030 0.369 -0.091 0.388 -0.036

(0.049) (0.041) (0.075) (0.066)
Any formal 0.351 -0.084 0.277 -0.067 0.388 -0.083 0.412 -0.000

(0.071) (0.062) (0.073) (0.070)
Informal:
Informal non-parental care 0.208 -0.049 0.203 -0.015 0.122 0.020 0.231 -0.004

(0.048) (0.054) (0.053) (0.056)
Parental care 0.318 -0.099 0.389 -0.096 0.204 -0.088 0.197 -0.039

(0.072) (0.065) (0.063) (0.049)
Any informal 0.526 -0.149 0.592 -0.111 0.326 -0.068 0.428 -0.043

(0.060) (0.062) (0.076) (0.061)

Observationsa 150 1,600 150 1,650 200 1,850 250 2,100

Low-income Not low-Income
Universal Targeted Universal Targeted

43



 
 

	

	
Notes:  !"  represents the per-pupil cost of providing program j, #"  the likelihood that the marginal program participant j would have otherwise been enrolled in center-based care (Head 
Start or private preschool or daycare), and !$"  the average per-child public expenditure on that alternative program.  See Appendix C for more. 

Table 5.  Comparison of Benefits and Costs per Low-income Child of Universal and Targeted Pre-K Programs 

Estimates: TSLS (App. Table 5) DD (Table 2) TSLS (App. Table 7) DD (App. Table 8) DD (App. Table 8)

Children: Low-income Low-income Low-income
Including not low-

income for universal
Including not low-

income for universal
Test  scores: Reading Reading Av. Reading & Math Reading Av. Reading & Math

(1) (2) (3) (4) (5)

Value (standard error) for:

1.93 (1.32) 0.401 (0.217) 1.15 (1.31) 0.23 (0.10) 0.16 (0.11)

test-statistic (p-value) 1.46 (0.073) 1.85 (0.033) 0.88 (0.19) 2.19 (0.015) 1.41 (0.080)

Value (standard error) for:

2.67 (2.43) 0.531 (0.398) 1.22 (2.42) 0.27 (0.15) 0.16 (0.17)

test-statistic (p-value) 1.10 (0.137) 1.33 (0.092) 0.51 (0.307) 1.74 (0.042) 0.98 (0.164)

A.  Assuming no program substitution

B.  Allowing for program substitution
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Appendix A:  Data  
 
A. Defining “Treatment” States 
 
My analysis focuses on state programs that served 4-year-olds nearly exclusively, according to 
statistics and program narratives published by the National Institute for Early Education 
Research (NIEER) (Barnett et al., 2006).1  I define such programs as those for which the 
difference in NIEER-reported state pre-K enrollment rates between 4- and 3-year-olds in 2005-
06 was at least 8 percentage points. This definition is necessitated by my research design and the 
statistical power afforded by the data. In particular, it must be the case that there is a noticeable 
change in the likelihood of pre-K attendance in 2005-06 for children with birthdates near school 
entry cutoff dates. Even if a program serves only 4-year-olds, it will be hard to detect an effect 
on attendance if the overall 4-year-old enrollment rate in the program is low. Likewise, even if a 
program serves a high share of 4-year-olds, an attendance effect will be difficult to detect if it 
also serves a high share of 3-year-olds. Twenty-two of the 38 states with state-funded programs 
in 2005-06 met the criterion laid forth above, Illinois being the last (Appendix Table 1). 
 
The data and research design also necessitate that I focus on states for which there were state-
established dates by which the youngest enrollees were to have been 4-years-old; locally 
established cutoff dates are not provided available.  In addition, the ECLS-B does not provide 
information on day of birth within a given month. To minimize misclassification in assignment 
of the kindergarten eligibility indicator, I thus focus on states with cutoff birthdates at the 
beginning or end of the month.  Four states (Vermont, Kentucky, Connecticut, and New Jersey) 
must be excluded due to local determination of their pre-K entry cutoff dates; two (Maine and 
North Carolina) must be excluded for having cutoff birthdates in the middle of the month. 
 
Thus, sixteen states meet all of the above criteria for 2005-06.2 I eliminate two from 
consideration (Louisiana and Michigan) due to large divergence between NIEER-reported and 
ECLS-B-based enrollment figures.  Appendix Table 1 lists the 14 treatment states by whether 
they are universal or targeted, according to the NIEER narratives, and in descending order 
according to their enrollment rate. In addition to Georgia and Oklahoma, the six universal states 
under consideration include Florida, New York, West Virginia, and Wisconsin. There are eight 
targeted programs under consideration.  Four of these (those in Colorado, Maryland, Tennessee 
and Texas) use eligibility for free- or reduced-price lunch as their income eligibility requirement, 
though that requirement need not apply to all enrollees.  Kansas uses eligibility for free lunch 
(family income at or below 130% FPL). The remaining three states (Illinois, South Carolina, and 
Virginia) have no explicit income requirements, but rather risk factor requirements that arguably 
correlate strongly with income.3 
 
I use 17 comparison states (Appendix Table 2). Eight of these states (Alabama, California, 
Delaware, Missouri, New Mexico, Ohio, Oregon, and Washington) had pre-K programs in 2005-

                                                
1 I also use data from Barnett et al. (2007) on kindergarten entry cutoff birthdates for fall 2006. 
2 Unfortunately, Barnett et al. (2006) does not report on Washington, D.C., so I cannot include ECLS-B observations 
from D.C. in the analysis. 
3 Such risk factors include (but are not limited to) low parental education, single parenthood, English language 
learner (ELL) status, homelessness, placement in foster care, and developmental delays, depending on the state.  
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06 that were too small or not different enough in terms of enrollment of 3- and 4-year-olds to be 
included in the treatment group.4 The remaining 9 comparison states (Alaska, Hawaii, Idaho, 
Indiana, Mississippi, North Dakota, Rhode Island, South Dakota, and Utah) did not have pre-K 
programs in 2005-06. 
 
B. ECLS-B Estimation Sample 
 
The empirical approach taken in this paper is made possible by detailed survey data from the 
Birth Cohort sample of the Early Childhood Longitudinal Study (ECLS-B). The ECLS-B is a 
longitudinal survey of a stratified random sample of children born in the United States in 2001.5 
ECLS-B respondents were assessed and their parents and caregivers interviewed at roughly 9 
months of age (wave 1), 2 years of age/toddler age (wave 2), 4 years of age/preschool age (wave 
3), and kindergarten age (waves 4 and 5). My estimation sample consists of all children with 
non-missing preschool-age cognitive assessments and demographic and background 
characteristics residing at preschool age in one of the 14 treatment states or 17 comparison states, 
and 5 years old between 8 months before and 4 months after their state’s kindergarten entry 
cutoff – a total of 4,950 observations.6,7 Reported sample sizes are rounded to the nearest 50, per 
IES rules to protect confidentiality of ECLS-B respondents. 
 
Most pertinent for this study are the data from wave 3; this wave includes test scores on children 
who were of preschool age, but may or may not have been actually enrolled in (or eligible to 
enroll in) state-funded pre-K. More specifically, given the fall kindergarten entry cutoffs in 
Appendix Tables 1 and 2, the 2001 birth cohort can be split into two school entry cohorts in the 
wave 3 data – children eligible to enter kindergarten in fall 2006 (and pre-K in fall 2005, if 
relevant) and children eligible to enter kindergarten in fall 2007 (and pre-K in fall 2006, if 
relevant). Children were then tested starting in August 2005 – when any exposure to pre-K 
would have been limited – through June 2006 – when a child enrolled would have had a full 
school year of exposure. The average exposure to pre-K in treated states was 2.3 months, 
assuming the school year starts September 1. 
 
C. Key Variables 
 
The main outcomes of interest are cognitive test scores in early math and reading. The preschool 
cognitive assessment was designed to test both for developmental (age-based) milestones and for 

                                                
4 In a previous version of this paper (Cascio, 2017), the comparison group also included five states with pre-K 
programs (Arizona, Connecticut, Kentucky, Minnesota, and Nevada) with local rules regarding age eligibility for 
pre-K but statewide cutoff dates for kindergarten entry that were not in the middle of the month.  Because many 
localities may choose a common cutoff date, like September 1, inclusion of these states in the comparison group 
weakens the first stage, so they were eliminated from the comparison group in the present version of the paper. 
5 The ECLS-B contains oversamples of some demographic groups (Chinese and other Asians, Pacific Islanders, 
Native Americans, and Alaskan Natives), twins, and low and very low birth weight children. I apply sampling 
weights to make the estimates population representative.  
6 Restricting attention to respondents with non-missing cognitive assessments at wave 3 and non-missing 
demographic and family background information leads to a small number of drops from the full sample. The 
missing data are not predicted by the eligis x treats. 
7 Since the same comparison group is used to estimate the impact of targeted and universal programs, the number of 
observations may appear to be larger when summing across regression-specific sample sizes. 
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knowledge and skills considered important for school readiness and early school success.8 I work 
with reading and math scale scores from this assessment normalized to mean zero and variance 
one in the full sample.  
 
The ECLS-B also contains rich family background information on respondents.9 In addition to 
basic demographics (age at assessment and indicators for sex (female) and race (non-Hispanic 
black and Hispanic)), I construct indicators for low-income (family income at or below 185% of 
the federal poverty line (FPL)), for low birth weight (birth weight < 2,500 grams), for low 
maternal education (at or below a high school degree), for a language other than English being 
spoken in the home, and for the presence of both biological parents in the household. I use the 
low-income indicator to stratify the analysis, and the remaining background and demographic 
characteristics as baseline regression controls. The low-income indicator is ideal for 
stratification, since free or reduced-price lunch eligibility (family income ≤ 185% FPL) is the 
modal income eligibility criterion for the targeted states of interest. 
 
The ECLS-B also assessed toddler’s motor and mental development using the Bayley Short 
Form-Research Edition (based on the Bayley Scales of Infant Development, 2nd Edition). I 
standardize these measures analogously to the preschool-age test scores for the specification 
checks in Figure 5, Appendix Figure 2, and Appendix Table 4. I also include these pretest scores 
as additional controls in a specification check in Table 2.  
 
The ECLS-B also provides detailed information on the care and education of respondents at 
preschool age. Following Bassok et al. (2016), I base my measures on provider reports of the 
type of program in which a child was enrolled – pre-K, Head Start, other center-based care, or 
informal non-parental care – where available, and parental reports where these data are missing; 
the final category is parental care. Importantly, prek includes both public school and private 
school programs; this is intentional, since many state-funded programs operate through private 
schools or child care centers (Barnett et al., 2006). However, the ECLS-B does not directly 
identify state-funded pre-K enrollment (e.g., from state administrative records), and some centers 
or schools (or parents) might designate a program as “pre-kindergarten” when it is not in fact the 
state-funded program. Thus, prek is a misclassified measure of enrollment in the state-funded 
pre-K program (see Appendix B for more).  
 
  

                                                
8 The preschool-age assessment drew on the Peabody Picture Vocabulary Test (PPVT), the Preschool 
Comprehensive Test of Phonological and Print Processing (Pre-CTOPPP), the PreLAS® 2000, and the Test of Early 
Mathematics Ability-3 (TEMA-3), as well as the cognitive assessment given to the fall 1998 kindergarten cohort of 
the ECLS (ECLS-K). 
9 All time- or age-varying family background variables are measured in wave 3, or at preschool age.  
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Appendix B:  Misclassification in Pre-K Attendance 
 
In the absence of misclassification but with perfect compliance (i.e., all children starting pre-K 
only when they are age eligible), the first-stage DD coefficient would be the 2005-06 academic-
year DD in pre-K enrollment rates between 3- and 4-year-olds in treatment versus comparison 
states. Across all states with universal pre-K (Table 1, Panel A), the (population-weighted) 
difference in age 3 and age 4 enrollment rates is 41.2 percentage points; for states with targeted 
pre-K programs, this figure is 24.1 percentage points (Appendix Table 1). For the 17 comparison 
states, this figure is 3.5 percentage points (Appendix Table 2). With perfect compliance, we 
might therefore expect to see first-stage estimates of 37.7 (41.2-3.5) percentage points for 
universal programs and 20.6 (24.1-3.5) percentage points for targeted programs.  
 
In actuality, the first stage coefficient estimates on the instrument are 19.8 (4.9) for universal 
programs (pooling across income groups; Appendix Table 8) and 17.7 (4.8) for targeted 
programs (low-income children only; Appendix Table 3).  Taking the predictions above as a 
benchmark, estimates are consistent with an attenuation biases of 42% (in universal states) and 
14% (for low-income children in targeted states).  Thus, the estimates are consistent with 
substantially more misclassification in the pre-K attendance variable for children living in states 
with universal programs.10  The expectation of higher rates of non-compliance with school entry 
laws among higher-income children (Bassok and Reardon, 2013; Cascio and Schanzenbach, 
2016) reduces the extent of likely attenuation bias for higher-income children – and for universal 
states overall – but it is likely to remain substantial. 
 
Unfortunately, there are no administrative data on the enrollment of low-income 4-year-olds in 
universal programs to use as a benchmark for assessing the likely attenuation bias for the first-
stage estimates for universal programs by family income.  However, there are several reasons to 
believe that misclassification in pre-K attendance is more of a problem for higher-income 
children.  First, there is a high pre-K attendance rate of children who are not low-income in 
targeted states (Table 1, Panel A, column 7); indeed, it is larger than the pre-K attendance rate of 
low-income children in targeted states (Table 1, Panel A, column 3).  Second, administrative data 
yield Head Start enrollment rates that are similar to those in the ECLS-B. Because Head Start 
accounts for a large share of early education enrollment in the low-income population and other 
(private) center-based care is the only other option, this reduces the relative scope for 
misclassification in the pre-K attendance variable for low-income children. 
 
 
 
  

                                                
10 Formally, if 𝑝𝑟𝑒𝑘 is misclassified at random, the coefficient estimate on the excluded instrument in the first stage 
will be attenuated by the factor 1 − 𝑝' − 𝑝(, where 𝑝' = 𝑃 𝑝𝑟𝑒𝑘 = 0|𝑝𝑟𝑒𝑘∗ = 1  and 𝑝( = 𝑃 𝑝𝑟𝑒𝑘 = 1|𝑝𝑟𝑒𝑘∗ =
0  and 𝑝𝑟𝑒𝑘∗is an indicator for whether a person truly attends the state-funded pre-K program (Aigner, 1973).  Both 
types of misclassification errors – false negatives and false positives – thus contribute to the attenuation bias. For 
this reason, it is not possible to learn much about the impacts of misclassification by looking at means alone. 
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Appendix C:  Cost-Benefit Analysis 

Kline and Walters (2016) show in the case of any early childhood education program j, the 
marginal value of public funds (Hendren, 2016) can be represented by  
 

𝑀𝑉𝑃𝐹1 = (23 456787
9

:92:;
9<923456787

9 , 

 
where 𝛽><?<

1  is the TSLS estimate of the effect of attending program j on early childhood test 
scores; p is the predicted change in lifetime earnings with a 1 standard deviation increase in early 
childhood test scores (from, for example, Chetty et al. (2011)); and 𝜏 represents the marginal tax 
rate. The numerator thus represents the present discounted value of benefits associated with an 
additional child attending program j.  The denominator, then, the predicted marginal cost 
associated with that child’s attendance. That marginal cost consists of the cost to the government 
of providing the program, 𝜑1, less the amount saved from share 𝑆1 of “compliers” switching from 
other public programs with provision cost 𝜑C

1, and the additional tax revenue raised from these 
children being more productive later in life.   

 
In this particular case, the object of interest can be thought of as the ratio of the MVPFs for 
universal pre-K and targeted pre-K; we are interested in the (alternative) hypothesis of whether  
 

DEFGH

DEFG6
> 1. 

 
Making the conservative assumption that no additional tax revenue will be raised from these 
program participants in the future, this hypothesis simplifies to   
 

𝛽><?<J − :H2:;H<H
:62:;6<6

𝛽><?<> > 0, 
 
or to a test of whether the test score impacts of attending universal pre-K are at least as large as 
:H2:;H<H
:62:;6<6

 times the test score impacts of attending targeted pre-K, where :H2:;<H
:62:;<6

 represents the 
relative cost to the government of universal pre-K per poor child.  This is the test conducted in 
the first three rows of Table 5, Panel B.   
 
Accounting for all fiscal externalities, the relevant alternative would then become 
 

𝛽><?<J − :H2:;H<H23456787
H

:62:;6<623456787
6 𝛽><?<> > 0. 

 
Given the large divergence between 𝛽><?<J  and 𝛽><?<> , the ratio of program costs, even per poor 
child, may approach zero for reasonable values of 𝜏 and p, reducing the relevant test to one of 
statistical significance on the TSLS estimate for universal programs.    
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Notes:  Unless otherwise noted, source is Barnett, et al. (2006), and figures correspond to the 2005-06 academic year. Monetary figures are in nominal dollars. The other components of the quality 
checklist come from comprehensive early learning standards, comprehensive services provided (vision, hearing, health, and one support service, at least one meal), and a site visit requirement; see notes 
to Figure 2 for complete description of the checklist. a The share of 4-year-old enrollees in public preschool programs attending full-day, according to the author's calculations from the 2004-06 October 
CPS School Enrollment Supplements. b Estimated by dividing pre-K costs per pupil by the share of 4-year-olds with family incomes at or below 185% FPL, according to the author's calculations from the 
2005 American Community Survey (Ruggles et al., 2015). c Head Start costs correspond to 2004-05.

Appendix Table 1.  Characteristics of State Pre-Kindergarten Programs Under Study

Staffing % Age 4
Birthday Teacher Ratios Pub. Pre. Pre-K Pre-K Head Start
Cutoff Train. & & Class  Hours / Enr. FD all low inc all

State for Pre-K age 4 age 3 diff. Total Creds. (4) Size (2) day (2004-06) a enr enr b enr c

Oklahoma Sept. 1 70.2 0 70.2 9 3 2 2.5 or 6 0.512 $6,167 $12,104 $5,809
Georgia Sept. 1 51.5 0 51.5 8 2 2 6.5 0.745 $3,978 $9,167 $7,149
Florida Sept. 1 46.5 0 46.5 4 0 2 3 0.717 $2,163 $4,895 $7,386
West Virginia Sept. 1 39.9 4.5 35.4 7 2 2 local 0.560 $7,758 $12,847 $6,637
Wisconsin Sept. 1 32.1 0.7 31.4 5.1 2.9 0.1 local 0.270 $4,552 $12,463 $6,695
New York Dec. 1 28.6 0.5 28.1 5.6 1.4 2 2.5 or 65 0.418 $3,465 $8,770 $8,794
   pop-weighted avg. - 41.5 0.3 41.2 5.8 1.3 1.8 - 0.618 $3,550 $8,323 $7,627

Texas Sept. 1 44.3 4.5 39.8 4 3 0 3 0.501 $2,653 $2,653 $7,091
South Carolina Sept. 1 31 4.2 26.8 8 3 2 2.5 0.675 $3,219 $3,219 $6,718
Maryland Sept. 1 30.7 1 29.7 7 3 2 2.5 0.362 $4,663 $4,663 $7,522
Illinois Sept. 1 23 14.4 8.6 9 4 2 local 0.445 $3,298 $3,298 $6,812
Kansas Aug. 31 14.5 0 14.5 3 2 0 2.5+ 0.482 $2,554 $2,554 $6,404
Colorado Oct. 1 13.5 2.2 11.3 4 1 2 2.5+ 0.31 $3,056 $3,056 $6,941
Virginia Sept. 30 11.1 0 11.1 7 2 2 3 or 6 0.806 $5,375 $5,375 $7,216
Tennessee Sept. 30 10.6 0.5 10.1 9 3 2 5.5 + nap 0.569 $4,061 $4,061 $7,238
   pop-weighted avg. - 29.0 4.9 24.1 6.1 2.9 1.2 - 0.550 $3,386 $3,386 $7,039

Length of Day
Annual cost per child

A. Universal Programs

B. Targeted Programs

% enrolled by age

Quality Checklist (out of 10)
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Notes:  Source are Barnett et al. (2007) for the birthday cutoffs and Barnett et al. (2006) for the state pre-K enrollment 
rates. 

  

Appendix Table 2.  Characteristics of the Comparison States

Birthday
Cutoff

for Pre-K
State and K age 4 age 3 diff.

Alabama Sept. 1 1.7 0 1.7
California Dec. 2 9.9 4.5 5.4
Delaware Aug. 31 7.8 0 7.8
Missouri Jul. 31 4 2.3 1.7
New Mexico Sept. 1 6.8 0.6 6.2
Ohio Sept. 30 4.4 1 3.4
Oregon Sept. 1 5 2.6 2.4
Washington Aug. 31 6 1.4 4.6
   pop-weighted avg. - 7.5 3.0 4.4

Alaska Sept. 1 0 0 0
Hawaii Dec. 31 0 0 0
Idaho Sept. 1 0 0 0
Indiana Aug. 1 0 0 0
Mississippi Sept. 1 0 0 0
North Dakota Aug. 31 0 0 0
Rhode Island Sept. 1 0 0 0
South Dakota Sept. 1 0 0 0
Utah Sept. 1 0 0 0
   pop-weighted avg. - 0.0 0.0 0.0

   pop-weighted avg. - 5.9 2.4 3.5

% enrolled in state funded pre-K by age

A. Comparison States with Pre-K Programs

B. Comparison States without Pre-K Programs

C.  All Comparison States
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Notes:  The DD coefficient is that on the interaction between a dummy for being eligible for kindergarten in 2006-07 (synonymous with a dummy 
for being eligible for pre-K in 2005-06 in a treatment state) and a dummy for being in a treated state from a regression that also includes  dummies 
for state of residence, for month of assessment, and for month age five  relative to the state kindergarten entry cutoff birthdate in 2006-07.  See 
Appendix Tables 1 and 2 or Appendix A for a definition of treatment and comparison states. Unless otherwise given, sample is limited to children 
who turn age 5 between 4 months after and 8 months before the kindergarten entry cutoff birthdate (N=1600, 1650, 1850, and 2100, respectively, 
across columns 1-4), respectively); a child is considered low income if his (preschool-age or 2005-06) family income is at or below 185% FPL; 
regressions are weighted by longitudinal sampling weights; and standard errors (in parentheses) are clustered on state x month of birth.  a 
Additional controls include age at assessment, dummies for female, Hispanic, black non-Hispanic, low birth weight, non-English at home, mom 
has high school degree  or less, and both biological parents in household. b Missing test scores imputed and indicated with dummy variables to 
maintain sample size.  c Comparison states limited to those with state-funded pre-K programs in 2005-06 (AL, CA, DE, MO, NM, OH, OR, WA) 
(N=1250, 1350, 1550, and 1750 across columns 1-4, respectively). d Sample is limited to children who turn age 5 between 4 months after and 4 
months before the kindergarten entry cutoff birthdate (N=950, 950, 1100, and 1250 across columns 1-4, respectively). e Programs are classified as 
full-day if the state funds full-day programs or allows localities to choose full-day programs and the full-day public enrollment rate is high; see 
Appendix A (N=1400, 1400, 1600, and 1800 across columns 1-4, respectively, for full-day programs; N=1250, 1250, 1450, and 1500 across 
columns 1-4, for half-day programs). f N=1400, 1450, 1650, and 1850 across columns 1-4, respectively. 

  

Appendix Table 3.  DD Estimates of the Effects of Pre-K Eligiblity on Pre-K Attendance in 2005-06

Children:
States: Universal Targeted Universal Targeted

(1) (2) (3) (4)

Baselinea 0.233 0.177 0.151 0.043
(0.048) (0.048) (0.065) (0.049)

Age 2 scores as controlsb 0.232 0.161 0.149 0.050
(0.048) (0.048) (0.060) (0.045)

Pre-K states only in comp. groupc 0.245 0.198 0.174 0.060
(0.057) (0.057) (0.075) (0.056)

+/- 4 months from cutoff d 0.250 0.195 0.167 0.019
(0.064) (0.058) (0.079) (0.055)

Full-day programse 0.274 0.130 0.236 0.033
(0.066) (0.056) (0.066) (0.060)

Half-day programse 0.187 0.256 0.075 0.055
(0.058) (0.057) (0.086) (0.050)

Drop FL and TXf 0.250 0.126 0.213 0.037
(0.063) (0.055) (0.073) (0.055)

Low-Income Not Low-Income

53



 
 

 
Notes:  The DD coefficient is that on the interaction between a dummy for being eligible for kindergarten in 2006-07 
(synonymous with a dummy for being eligible for pre-K in 2005-06 in a treatment state) and  a dummy for being in a treated 
state from a regression that also includes dummies for state of residence, for month of assessment (both waves 2 and 3), and 
for month age five relative to the state kindergarten entry cutoff birthdate in 2006-07, in addition to the demographic and 
background variables listed in Table 1, Panel B; see notes to Appendix Tables 1 and 2 or Appendix A for description and 
listing of treatment and comparison states. Sample is limited to children who turn age 5 between 4 months after and 8 
months before the kindergarten entry cutoff birthdate, and a child is considered low income if his (preschool-age, or 2005-
06) family income is at or below 185% FPL.  Regressions are weighted by longitudinal sampling weights, and standard 
errors (in parentheses) are clustered on state x month of birth. a rounded to the nearest 50. 

  

Appendix Table 4.  Falsification Test:  Impacts on Developmental Scores at Age 2

Children:
States: Universal Targeted Universal Targeted

(1) (2) (3) (4)

Mental Scores -0.601 -0.398 -0.036 0.095
Motor Scores -0.096 -0.162 -0.082 0.033

Mental Scores 0.032 -0.090 -0.038 -0.098
(0.124) (0.112) (0.109) (0.109)

Observationsa 1,450 1,500 1,700 1,950
Motor Scores -0.045 -0.009 0.027 -0.037

(0.147) (0.124) (0.134) (0.125)
Observationsa 1,450 1,500 1,700 1,900

Mental Scores -0.006 -0.045 -0.006 0.002
(0.025) (0.028) (0.026) -0.026

Motor Scores -0.006 -0.036 -0.003 0.013
(0.029) (0.032) (0.024) (0.024)

Observationsa 1,600 1,650 1,850 2,100

C. DD Coefficients for Missing Test Scores (Dummy)

Low-income Not low-income

A.  Ineligible sample means

B. DD Coefficients for Test Scores (Standardized)

54



 
 

 
Notes:  The TSLS coefficient uses eligible x treated state as an instrument for pre-K attendance in the specification listed. 
Unless otherwise given, sample is limited to children who turn age 5 between 4 months after and 8 months before the 
kindergarten entry cutoff birthdate (N=1600, 1650, 1850, and 2100, respectively, across columns 1-4), respectively); a child is 
considered low income if his (preschool-age or 2005-06) family income is at or below 185% FPL; regressions are weighted 
by longitudinal sampling weights; and standard errors (in parentheses) are clustered on state x month of birth. a Additional 
controls include age at assessment, dummies for female, Hispanic, black non-Hispanic, low birth weight, non-English at 
home, mom has high school degree or less, and both biological parents in household. b Missing test scores imputed and 
indicated with dummy variables to maintain sample size.  c Comparison states limited to those with state-funded pre-K 
programs in 2005-06 (AL, CA, DE, MO, NM, OH, OR, WA) (N=1250, 1350, 1550, and 1750 across columns 1-4, 
respectively). d Sample is limited to children who turn age 5 between 4 months after and 4 months before the kindergarten 
entry cutoff birthdate (N=950, 950, 1100, and 1250 across columns 1-4, respectively). e Programs are classified as full-day if 
the state funds full-day programs or allows localities to choose full-day programs and the full-day public enrollment rate is 
high; see Appendix A (N=1400, 1400, 1600, and 1800 across columns 1-4, respectively, for full-day programs; N=1250, 
1250, 1450, and 1500 across columns 1-4, for half-day programs). f N=1400, 1450, 1650, and 1850 across columns 1-4, 
respectively.  

  

Appendix Table 5.  TSLS Estimates of the Effects of Pre-K Attendance on Preschool-Age Test
Scores

Children: Not Low-Income
States: Universal Targeted Universal

(1) (2) (3)

Baselinea 1.061 -0.354 0.115
(0.482) (0.551) (0.768)

Age 2 scores as controlsb 1.067 -0.198 0.143
(0.470) (0.558) (0.684)

Pre-K states only in comp. groupc 1.455 0.049 0.034
(0.510) (0.468) (0.768)

+/- 4 months from cutoff d 1.082 -0.020 0.683
(0.516) (0.502) (0.820)

Full-day programse 1.334 0.018 -0.340
(0.617) (0.779) (0.747)

Half-day programse 0.248 -0.566 no
(0.544) (0.559) first stage

Drop FL and TXf 1.324 0.049 -0.300
(0.649) (0.778) (0.767)

Baselinea 1.055 0.279 -0.199
(0.512) (0.618) (0.692)

Age 2 scores as controlsb 1.022 0.494 -0.077
(0.500) (0.644) (0.644)

Pre-K states only in comp. groupc 1.617 0.826 -0.171
(0.554) (0.600) (0.637)

+/- 4 months from cutoff d 1.420 0.290 0.361
(0.594) (0.626) (0.629)

Full-day programse 0.955 0.455 -0.163
(0.602) (0.943) (0.612)

Half-day programse 0.926 0.191 no
(0.623) (0.689) first stage

Drop FL and TXf 0.885 0.656 -0.130
(0.632) (0.943) (0.646)

Low-income

A.  Reading Scale Scores (Standardized)

B.  Math Scale Scores (Standardized)
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Notes:  The table reports estimates of model 4 . Only the triple interactions are shown to conserve on space; the relevant 
characteristics are given in the column header. Sample is limited to children with (preschool-age, or 2005-06) family income 
at or below 185% FPL.  Regressions are weighted by longitudinal sampling weights, and standard errors (in parentheses) are 
clustered on state x month of birth. a Head Start enrollment rates are the number of children enrolled in Head Start programs in 
the state in 2005 (from Head Start Program Information Reports) divided by the estimated population of children in the state 
in that age group for whom family income is at or below 185% FPL (based on Census Bureau estimates of population as of 
July 1, 2005 and the author's calculations of the share of children eligible for free- or reduced-price lunch in the 2005 
American Community Survey). b Based on the author's calculations from the 2004 through 2005 October CPS School 
Enrollment Supplements.  

  

Appendix Table 6.  Treatment Effect Heterogeneity and the Universal-Targeted Difference in
DD Estimates:  Math Scores of Low-Income Children

Baseline

All 
Demographic 

Chars.

Head Start 
Enrollment 

Rates a

Private 
Preschool 

Enrollment 
Rates b

(1) (2) (3) (4)

DDD Coef. (se) on elig x treats x ... :
Universal pre-K 0.196 0.181 0.190 0.192

(0.141) (0.144) (0.137) (0.142)
Demographics:
   on elig x treats x Di Age in months - -0.013 - -

(0.016)
Female - 0.129 - -

(0.105)
Black non-Hispanic - 0.130 - -

(0.150)
Hispanic - -0.138 - -

(0.169)
Low birth weight - 0.068 - -

(0.111)
Non-English at home - 0.290 - -

(0.162)
Maternal education ≤ HS - 0.068 - -

(0.119)
Both biological parents in HH - -0.038 - -

(0.116)
Head Start:

% of low-income 3-year-olds - - 0.037 -
(0.043)

% of low-income 4-year-olds - - -0.042 -
(0.034)

Private Preschool:
% of 3- and 4-year-olds - - - 0.016

(0.017)

Add interaction of eligibility with:

Math Scale Scores (Standardized) (N=3,250)
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Notes:  The dependent variable is the average of standardized reading and math scores at preschool age. The DD coefficient is that 
on the interaction between a dummy for being eligible for kindergarten in 2006-07 (synonymous with a dummy for being eligible 
for pre-K in 2005-06 in a treatment state) and a dummy for being in a treated state from a regression that also includes dummies for 
state of residence, for month of assessment, or month age five relative to the state kindergarten entry cutoff birthdate in 2006-07, 
and the demographic and background controls listed in Table 1, Panel B.  The TSLS coefficient uses eligible x treated state as an 
instrument for pre-K attendance in the specification listed. Sample is limited to children who turn age 5 between 4 months after and 
8 months before the kindergarten entry cutoff birthdate; a child is considered low income if his (preschool-age or 2005-06) family 
income is at or below 185% FPL; regressions are weighted by longitudinal sampling weights; and standard errors (in parentheses) 
are clustered on state x month of birth.   

  

Appendix Table 7.  DD and TSLS Estimates of the Effects of Pre-K on Average Preschool-Age Test
Scores

Children:
States: Universal Targeted Universal Targeted

(1) (2) (3) (4)

DD 0.246 -0.007 -0.006 -0.079
(0.107) (0.099) (0.103) (0.080)

TSLS 1.058 -0.037 -0.042 no
(0.444) (0.552) (0.678) first stage

Observations 1,600 1,650 1,850 2,100

Low-Income Not Low-Income
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Notes:  The DD coefficient is that on the interaction between a dummy for being eligible for 
kindergarten in 2006-07 (synonymous with a dummy for being eligible for pre-K in 2005-06 in a 
treatment state) and a dummy for being in a treated state from a regression that also includes  dummies 
for state of residence, for month of assessment, or month age five  relative to the state kindergarten 
entry cutoff birthdate in 2006-07, and the demographic and background controls listed in Table 1, Panel 
B..  The TSLS coefficient uses eligible x treated state as an instrument for pre-K attendance in the 
specification listed. Sample is limited to children who turn age 5 between 4 months after and 8 months 
before the kindergarten entry cutoff birthdate; a child is considered low income if his (preschool-age or 
2005-06) family income is at or below 185% FPL; regressions are weighted by longitudinal sampling 
weights; and standard errors (in parentheses) are clustered on state x month of birth.  

Appendix Table 8.  DD and TSLS Estimates of the Effects of Pre-K on
Preschool-Age Test Scores:  Pooled Effects for Universal Programs

Children: All Low-income
States: Universal Targeted

(1) (2)

DD 0.198 0.177
(0.049) (0.048)

DD 0.163 -0.063
(0.069) (0.093)

TSLS 0.820 -0.354
(0.341) (0.551)

DD 0.151 -0.007
(0.071) (0.099)

TSLS 0.761 -0.037
(0.333) (0.552)

Observations 3,450 1,650

A.  Pre-K Attendance

B.  Reading Scores (Standardized)

C.  Average Scores (Standardized)
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Notes:  The table reports estimates of model 4.  Only the triple interactions are shown to conserve on space; the relevant characteristics are given in the column header.  Sample is limited to children with 
(preschool-age, or 2005-06) family income at or below 185% FPL.  Regressions are weighted by longitudinal sampling weights, and standard errors (in parentheses) are clustered on state x month of birth. a 

The four teacher standards are teacher has BA, specialized training in pre-K, assistant teacher has Child Development Associate (CDA) or equivalent, at least 15 hours of in-service training annually. b The 
two class size / staffing requirements are maximum class size no larger than 20, staff-child ratio 1:10 or better. 

 
 
 

 
 

 

Appendix Table 9.  Treatment Effect Heterogeneity and the Universal-Targeted Difference in DD Estimates by Program Standards:  Low-Income Children

Baseline

Number of 
teacher 

qualifications a

Number of 
class 

size/staffing 
qualificationsb Both Baseline

Number of 
teacher 

qualifications a

Number of 
class 

size/staffing 
qualificationsb Both

(1) (2) (3) (4) (1) (2) (3) (4)

DDD Coef. (se) on elig x treats x ... :
Universal pre-K 0.309 0.343 0.247 0.283 0.055 0.057 0.091 0.091

(0.116) (0.150) (0.115) (0.144) (0.053) (0.078) (0.057) (0.080)
Number of standards:
   on elig x treats x Di Teacher qualifications - 0.019 - 0.020 - 0.001 - 0.000

(0.051) (0.052) (0.026) (0.026)
Class size / staffing - - 0.092 0.092 - - -0.053 -0.053

(0.075) (0.075) (0.032) (0.032)

Add interaction of eligibility with: Add interaction of eligibility with:

A.  Reading Scale Scores (Standardized) (N=3,250) B.  Pre-K Attendance (N=3,250)
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Notes: Data are from the ECLS-B. Panel A corresponds to respondents who were eligible for free- or 
reduced-price lunch in 2005-06; Panel B corresponds to respondents who were not. Subpanel 1 of each panel 
plots the average standardized (mean 0, variance 1) math score at preschool age (in 2005-06) by age relative 
to the minimum age for kindergarten entry (2-month bins) for treated states with universal pre-K programs, 
treated states with targeted pre-K programs, and comparison states; see notes to Appendix Tables 1 and 2 or 
Appendix A for lists of states. The dots in subpanel 2 of each panel represent, separately for treatment states 
with universal programs and treatment states with targeted programs, the coefficients on interactions between 
a treatment dummy and a series of dummies for age relative to the minimum age for kindergarten entry (2-
month bins) from a regression that allows for direct effects of each of these (sets of) variables in addition to 
month of assessment dummies, state fixed effects, and the demographic and background variables listed in 
Table 1, Panel B. The interaction with the dummy for missing eligibility by 1 to 2 months is omitted for 
identification. Capped vertical lines represent 95% confidence intervals, with standard errors clustered on 
state by month of birth.  
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Notes: Data are from the ECLS-B. Panel A corresponds to respondents who were eligible for free- or 
reduced-price lunch in 2005-06; Panel B corresponds to respondents who were not. Subpanel 1 of each panel 
plots the average standardized (mean 0, variance 1) motor development score on the Bayley Scales of Infant 
Development at toddler age by age relative to the minimum age for kindergarten entry (2-month bins) for 
treated states with universal pre-K programs, treated states with targeted pre-K programs, and comparison 
states; see notes to Appendix Tables 1 and 2 or Appendix A for lists of states. The dots in subpanel 2 of each 
panel represent, separately for treatment states with universal programs and treatment states with targeted 
programs, the coefficients on interactions between a treatment dummy and a series of dummies for age 
relative to the minimum age for kindergarten entry (2-month bins) from a regression that allows for direct 
effects of each of these (sets of) variables in addition to month of assessment dummies (in both wave 2 and 
wave 3), state fixed effects, and the demographic and background variables listed in Table 1, Panel B. The 
interaction with the dummy for missing eligibility by 1 to 2 months is omitted for identification. Capped 
vertical lines represent 95% confidence intervals, with standard errors clustered on state by month of birth.  
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