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Abstract This paper provides new estimates of the medium and long-term impacts of Head Start on health and behavioral problems. We identify these impacts using discontinuities in the probability of participation induced by program eligibility rules. Our strategy allows us to identify the effect of Head Start for the set of individuals in the neighborhoods of multiple discontinuities, which vary with family size, state and year. Participation in the program reduces the incidence of behavioral problems, health problems and obesity of male children at ages 12 and 13. It lowers depression and obesity among adolescents, and reduces engagement in criminal activities and idleness for young adults. ∗ University
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Introduction



The need to cut public spending, together with recent disappointing evaluations of Head Start and Sure Start, have put severe pressure on compensatory preschool programs both in the US and the UK. Opponents call for the outright termination of these programs, while supporters argue that they are needed now more than never, as increasing numbers of families fall into poverty. Others propose maintaining the programs, as long as they are subject to comprehensive reform. The Head Start Impact Study (HSIS) gained prominence in this debate. It evaluates Head Start, the main compensatory preschool program in the US, and it is the first experimental study of a large scale preschool program in the world. The study shows that Head Start has short term impacts on the cognitive and socio-emotional development of its participants, which disappear by first grade. While there are grounds on which this study can be criticized (e.g., Zigler, 2010), its main findings are notorious because of its transparent and rigorous design.1 In parallel, an evaluation of Sure Start in the UK, although non-experimental and less influential than the Head Start Impact Study, finds that Sure Start also has limited impacts on the development of poor children. We study impacts of Head Start on children using data from the Children of the National Longitudinal Survey of Youth (CNLSY) and a novel identification strategy in the context of this program, which relies on the eligibility criteria to the Head Start. Our paper shows that in spite of the lack of program impacts by first grade, there are important longer term impacts of Head Start on the health and behaviors, and on criminal behavior of male adolescents and young adults.2 Our results are in line with the growing literature on the effectiveness of early childhood interventions, which shows that these programs have large long-term impacts on 1 Another



experimental evaluation of Early Head Start (DHHS, 2006), a program for children ages 0-3, also shows small program impacts. 2 Relative to comparable non-participants, male Head Start participants are 29% less likely to suffer from a chronic condition that requires the use of special equipment (such as a brace, crutches, a wheelchair, special shoes, a helmet, a special bed, a breathing mask, an air filter, or a catheter), 29% less likely to be obese at ages 12-13, less likely to show symptoms of depression at ages 16-17, and 22% less likely to have been sentenced to a correctional facility by ages 20-21. For the two youngest groups we find a significant improvement in an index of behavioral problems and among children 12-13 we are also able to detect improvements on health.
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behavioral problems even when they have limited short term impacts on cognitive development. Short term evaluations of early childhood programs miss most of their potential impacts. We identify the causal effects of Head Start using a (fuzzy) regression discontinuity design which explores the eligibility rules to the program. We determine the eligibility status for each child aged 3 to 5, by examining whether her family’s income is above or below an income eligibility cutoff, which varies with year, state, family size, and family structure. In contrast with standard applications of regression discontinuity, there are multiple discontinuity points in our setup, which vary across families because they depend on year, state, family size and family structure. Therefore, our estimates are not limited to individuals located in the neighborhood of a single discontinuity, but they are applicable to a more general population. Finally, given that we exploit the income requirements to be eligible to Head Start, our estimate can be interpreted as the potential gains of relaxing marginally these requirements. Given that the first stage is only significant for males, the marginal entrant is a boy. Beyond the HSIS (DHHS, 2010), described above as showing little or no effect of the program, there exist several non-experimental evaluations of Head Start which are also important, and it is worthwhile mentioning some of the most recent ones. Currie and Thomas (1995, 1999) compare siblings in families where at least one sibling attends Head Start and one does not. In contrast to HSIS, they find strong impacts of the program on a cognitive test (which fade-out for blacks, but not whites) and grade repetition. They use the CNLSY, which is the data set used in this paper. Currie, Garces and Thomas (2002) apply a similar strategy in the Panel Study of Income Dynamics (PSID), and show that the program has long lasting impacts on schooling achievement of adults, earnings, and crime. Also, relying on within family comparisons and using the CNLSY, Deming (2009) finds no effects on crime but positive effects on a summary measure of children’s test scores and adult outcomes. Ludwig and Miller (2007) explore a discontinuity in Head Start funding across US counties, at the time the program was launched (1965). They show that Head
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Start has positive impacts on adolescents’ and adults’ health and schooling.3 Relative to all these studies, we evaluate a more recent variant of the program (and employ a novel empirical strategy): individuals in our sample enrol in the program from the 1980s to the late 1990s. This is relevant because Head Start has changed over the years and its costs have dramatically increased, closely approaching the costs of model interventions such as Perry Pre-School or Abecedarian. Furthermore, it means that, relative to the studies mentioned above, ours is likely to be more comparable to the recent Head Start Impact Study, which examines children who applied for Head Start in 2002. Ludwig and Miller (2007), and Garces, Currie and Thomas (2002), study the effects of attendance between the mid-1960s and the 1970s. Currie and Thomas (1995), and Deming (2009), analyze effects of Head Start for those who attended the program during the 1980s.4 This paper proceeds as follows. In the next section we describe Head Start in more detail. We discuss the identification strategy in Section 3. We present the data in Section 4. Results are presented in Section 5. Section 6 concludes.
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Background: The Head Start Program



Head Start was launched in 1965 and currently it provides comprehensive education, health, nutrition, and parent involvement services to around 900,000 lowincome children 0 to 5 years of age (of which 90% were 3-5 years old in 20095 3 In addition, Currie and Neidell (2007) use the CNLSY to study the quality of Head Start centers



and find a positive association between scores in cognitive tests and county spending in the program. They also find that children in programs that devote higher shares of the budget to education and health have fewer behavioral problems and are less likely to have repeated a grade. Frisvold and Lumeng (2007) explore an unexpected reduction in Head Start funding in Michigan to show strong effects of the program on obesity. Neidell and Waldfogel (2006) argue that ignoring spillover effects resulting from interactions between Head Start and non-Head Start children and/or parents underestimates the effects of the program in cognitive scores and grade repetition. Finally, Anderson, Foster and Frisvold (2010) find that Head Start is associated with a reduction in the probability that young adults smoke. 4 There exist a few studies in the literature examining the long-term impact of universal preschool (Cascio, 2009, Magnuson et al, 2007, Berlinski et al, 2008, 2009, Havnes and Mogstad, 2011). They concern programs that affect a much larger fraction of the population, and generally show long-term impacts of preschool availability. 5 According to the Head Start Office, in 2009, among those 3-5 years old, 36% of children were 3 years, 51% were 4 and 3% were 5 years old.
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and until 1994 the program served children ages 3 to 5) and their families. Since the program targets all disadvantaged preschool age children, it differs from two other prominent early childhood experiments, the Perry Preschool Program and the Carolina Abecedarian Project, which in the 1960s and 1970s (respectively) served each just over 100 disadvantaged Black children, who have been followed up into adulthood.6 Head Start is primarily funded federally but grantees must provide at least 20 percent of the funding, which may include in-kind contributions, such as facilities to hold classes. Thus, the scale of the program implies that different grantees are heterogeneous in several dimensions, such as costs of personnel and space (depending on geographic location, for example) and type of sponsoring agency (school system or private nonprofit). However, each center must comply with publicly known standards which are described in the Head Start Act. Centers may offer one or more out of three program options: center-based option, home-based option, or a combination of both, chosen based on the needs of the children and families served. By 1996, basic standards required that center-based programs employ two paid staff persons for each class and recommendations regarding the class size varied with the age of children: 17-20 children for 4-5 years old classes and 15-17 children for 3-years old classes. These figures imply a higher student-teacher ratio than that model early childhood interventions as the Perry Preschool Program or the Carolina Abecedarian Project: Perry Preschool Program had a teacher-student ratio of one teacher for 5.7 students whereas the Carolina Abecedarian Project ranged from 3 children per teacher for infants to 6:1 at age 5 (Cunha, Heckman, Lochner and Masterov, 2006). The Head Start ratio is closer to that of the Chicago Child Parent Center and Expansion Program, which was another 1960s intervention that served between 8-12 children per teacher (Fuerst and Fuerst, 1993). Since it was launched, the needs of children and their families changed substantially and during the 1990s, Head Start shifted from a program where most children 6 These



two programs also differ in their intensity and age at which children start the intervention. The Abecedarian was a full-day program that started with children in the first months of life and the Perry operated half-day with 4 years old children.
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were enroled in part-day centers towards a full day program (by 2003 47% of those enrolled were served by full-day programs, that is, 6 or more hours/day; see GAO, 2003). The criteria governing the selection of children into Head Start are advertised regularly by the Head Start Office (see the Head Start’s Office web site). Children are eligible to participate if they are of preschool or kindergarten age and if they live in poverty. In addition, at least 10% of the children served per center must have some type of disability. Since these selection criteria are explored in our identification strategy, we defer the explanation of details to Section 3. Eligibility criteria have been mostly unchanged since the 1971, covering the entire period we analyze.7 There was a slow increase in enrolment in Head Start during the 1970s and 1980s, and a sharp increase in the early 1990s. Between 1991 and 1995 the enrolment increased by about 25% (from almost 600,000 to 750,000 children). Simultaneously, there was an increase in the funding per child: in the early 1990s the federal cost per child was about $US5,300 per year (in $US2009), whereas in the FY of 2009, Head Start operated 49,200 classrooms serving almost 1 million children at federal cost of $US7,800/child. These numbers show that the effort to expand and improve the program means that today its costs per child reach about 85% of the cost of Perry Preschool.8
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Empirical Strategy



Naive comparisons between the outcomes of those who have and have not participated in Head Start confound program impacts with differences in the underlying characteristics of participants and non-participants. This problem has been addressed in a variety of ways in recent papers, as mentioned above. In this paper we explore exogenous variation in participation in Head Start driven by program eligibility rules. 7 See



Table B.1 in the Appendix, which shows the main pieces of relevant legislation. to Heckman et al. (2010) the estimates of initial costs of Perry Preschool (presented in Barnett, 1996), reached $17,759/child over its two years (in 2006 $US). This figure includes both operating costs (teacher salaries and administrative costs) and capital costs (classrooms and facilities). 8 According
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Children ages 3 to 5 are eligible if their family income is below the federal poverty guidelines, or if their family is eligible for public assistance: AFDC (TANF, after 1996) and SSI (DHHS, 2011).9 Once a family becomes eligible in one programyear, it is also considered eligible for the subsequent program-year. Since program eligibility is a discontinuous function of family income, program participation is likely to be discontinuous in family income as well. Therefore, we can study the impact of participating in Head Start on a variety of outcomes using a regression discontinuity estimator.10 We start by estimating the following reduced form model: Yi = φ + γEi + f (Zi , Xi ) + ui



(1)



where Ei is an indicator of eligibility for Head Start, Xi is a set of all determinants of eligibility for each child except for family income (year, state, family size, family structure, measured at age 4), Zi is family income (at age 4), and ui is the unobservable.11 We include state effects in our models not only because the criteria for eligibility are state-dependent but also to account for cross-state permanent heterogeneity that is associated with differences in generosity and services provided. The equation for Ei is: Ei = 1 [Zi ≤ Z¯ (Xi )] , (2) where 1 [.] denotes the indicator function. f (Zi , Xi ) is specified as a parametric but flexible function of its arguments, and Z¯ (Xi ) is a deterministic (and known) function that returns the income eligibility cutoff for a family with characteristics Xi (constructed from the eligibility rules). In modeling f (Zi , Xi ) we rely on series estimation (widely used in other applications of this empirical strategy), restricting the sample to values of the forcing variable that are close to the cutoff points. In section 5 we study the sensitivity of our results 9 AFDC denotes Aid to Families with Dependent Children, TANF denotes Temporary Assistance for Needy Families, and SSI denotes Supplemental Security Income. 10 Eligibility criteria and the construction of eligibility status for each child are discussed in section 3.1. 11 f (Z , X ) can be a different function in each side of the discontinuity. We empirically examine i i this case, but the estimates are too imprecise to be conclusive and therefore we did not include them in the paper.
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to the choice of different functional forms for f (Zi , Xi ). We use probit models whenever the outcome of interest is binary. Three conditions need to hold for γ to be informative about the effects of Head Start on children outcomes. First, after controlling flexibly for all the determinants of eligibility, Ei must predict participation in the program, which we show to be true. Second, families are not able to manipulate household income around the eligibility cutoff. This is the main assumption behind any regression discontinuity design. It is likely to hold in our case because the formulas for determining eligibility cutoffs are complex, and depend on family size, family structure, state and year, making it difficult for a family to position itself just above or just below the cutoff. In addition, there are standard ways to test for violations of this assumption (e.g., Imbens and Lemieux, 2008), and below we discuss them in detail. Third, eligibility to Head Start should not be correlated with eligibility to other programs that also affect child outcomes. This assumption is potentially more likely to be violated than the first two, because there are other means tested programs which have eligibility criteria similar to those of Head Start (e.g., AFDC, SSI, or Food Stamps). The fact that the definition of income we use (see Appendix F) is specific to Head Start guarantees that those eligible through the Federal Poverty Guidelines have a cutoff not shared with other welfare programs, and this accounts for most of the children. Nevertheless, in order to assess the potential importance of this problem we implement the following procedure. While most welfare programs exist throughout the child’s life, Head Start only exists when the child is between the ages of 3 and 5. If other programs affect outcomes of children, then eligibility to those programs in ages other than 3 to 5 should also affect children’s outcomes. In contrast, if eligibility is correlated with children’s outcomes only when measured between ages 3 and 5, then it probably reflects the effect of Head Start alone. Although we cannot definitely rule out the possibility that other programs confound the effects of Head Start (by operating exactly at the same ages), the results we present below are highly suggestive that this is not the case.
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3.1



Eligibility Criteria



We construct each child’s income eligibility status in the following way (a detailed description can be found in the Appendix F). First, the poverty status of each family is imputed by comparing family income with the relevant federal poverty line, which varies with family size and year. Second, eligibility for AFDC/TANF requires satisfying two income tests, and additional categorical requirements, all of which are state specific. In particular, the gross income test requires that total family income must be below a multiple of the state specific threshold, that is set annually and by family size at the state level. The second income test to be verified by applicants (but not by current recipients) is the countable income test, that requires total family income minus some disregards to be below the state threshold for eligibility (U.S. Congress, 1994). In addition, AFDC families must obey a particular structure: either they are female-headed families, or they are families where the main earner is unemployed. This means that children in two-parents households may be eligible for AFDC under the AFDC-Unemployed Parent program. In turn, eligibility for AFDC-UP is limited to those families in which the principal wage earner is unemployed but has a past work history, so we consider eligible those whose father (or step-father) worked on average less than 100 hours per month in the previous calendar year.12 We use total family income from the last calendar year available in the NLSY79, which relatively to the income measure used by the Head Start Office includes also Food Stamps (see Appendix F). To assess the sensitivity of our results to the measure of income used, we present in the Appendix A.2 results for the first stage and reduced form estimates using alternative definitions of income. A child can enrol in Head Start at ages 3, 4, or 5 and it is possible to construct eligibility status at each of these ages. As we show in Section 5, eligibility at age 4 is a better predictor of program participation than either eligibility at 3 or at 5, and 12 We



do not impute SSI eligibility for two reasons. First, imputing SSI eligibility would require the imputation of categorical requirements which are complex to determine (e.g., Daly and Burkhauser, 2002), some of which we are unable to observe in the data (for example, in that NLSY there is no information on whether the health limitations of the parent that may be eligible fulfill the medical listings that determine eligibility). Second, SSI thresholds are below Poverty Guidelines and therefore these thresholds will not be binding (see U.S. Congress, 2004).
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in our data (and in the administrative records from the Head Start Office) 50-60% children enrol in Head Start when they are 4 (Head Start Office, 2011). Therefore, we focus on eligibility at age 4 in our main specification, but we also present results with eligibility at other ages. When using regression discontinuity it is only possible to identify program impacts in the neighborhood of the cutoff. Since we explore multiple discontinuities, it is helpful to know the range of neighborhoods of income over which we can identify program impacts. Figure C.1 in Appendix displays the distribution of cutoff values (for household income) and this corresponds to the support of income values for which we are able to identify the effects of Head Start.13 About 98% of the children in our sample have eligibility determined by the federal poverty line criterion (with the remaining qualifying through AFDC/TANF eligibility).



3.2



Imperfect Compliance



It is important to note that eligibility rules for Head Start are not perfectly enforced (some ineligible children are able to enrol), and that take up rates among those eligible are far below 100%. There are several factors that influence the take up of social programs, such as shortage of funding to serve all eligible, barriers to enrollment, and social stigma associated with participation (e.g., Currie, 2006, Moffitt, 1983). Due to limited funding, Head Start enrolls less than 60% of all children in poverty who are between the ages of 3 and 4. Priority is given to the neediest among the poor.14 The number of eligible individuals is also different from the number of actual participants because of lack of perfect enforcement of eligibility rules and of other 13 Income



cutoffs also vary across different family sizes, and in Figure G.1 in the Appendix G we plot the joint support of household income and family size over which we are able to estimate the relevant program effect. 14 The problem of imperfect compliance is not unique to Head Start, but common across social programs. Only 2/3 of eligible single mothers used AFDC (Blank and Ruggles, 1996); 69% of eligible households for the Food Stamps program participated in 1994 (Currie, 2006); of the 31% of children eligible for Medicaid in 1996, only 22.6% were enrolled (Gruber, 2003); EITC has an exceptionally high take-up rate of over 80% among eligible taxpayers (Scholz, 1994); in 1998, participation in WIC (the Special Supplemental Nutrition Program for Women, Infants and Children) among those eligible was 73% for infants, 2/3 among pregnant women and 38% for children (Bitler, Currie and Scholz, 2003).
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factors affecting participation. In the addition, Head Start centers may enrol up to 10% of children from families whose income is above the threshold (without any cap on the income of these families). Thus, the discontinuity in the probability of take-up of Head Start around the income eligibility threshold is not sharp, but ”fuzzy” (see Hahn, Todd and van der Klauww, 2001, Battistin and Rettore, 2008, and Imbens and Lemieux, 2008). As a result, γ in equation (1) does not correspond to the impact of Head Start on the outcome of interest. In order to determine the program impact, we estimate the following system, for the case where Yi is continuous: Yi = α + βHSi + g (Zi , Xi ) + εi HSi = 1 [η + τEi + h (Zi , Xi ) + vi > 0] ,



(3) (4)



where equation (4) is estimated using a probit model (van der Klauww, 2002). 1 [.] denotes the indicator function. Pi = Pr (HSi = 1|Ei , Zi , Xi ) is estimated in a first stage regression, and used to instrument for HSi in a second stage instrumental variable regression (Hahn, Todd and van der Klauww, 2001). If Yi is binary we use a bivariate probit. g (.) and h (.) are flexible functions of (Zi , Xi ).15



4



Data



We use data from the Children of the National Longitudinal Survey of Youth of 1979 (CNLSY), which is a survey derived from the National Longitudinal Survey of Youth (NLSY79). The NLSY79 is a panel of individuals whose age was between 14 and 21 by December 31, 1978 (approximately half are women). The survey has been carried out since 1979 and we use data up to 2008 (interviews were annual up to 1994, and have been carried out every two years after that). The CNLSY is a biennial survey which began in 1986 and contains information about cognitive, social and behavioral development of the children of the women surveyed in the 15 In



Appendix G we also discuss how we can identify heterogeneous effects of Head Start. Unfortunately, even though our estimates of heterogeneous effects are interesting they are also imprecise.
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NSLY79 (assembled through a battery of age specific instruments), from birth to early adulthood. Children 3 to 5 years old are eligible to participate in the program if their family income is below an income threshold, which varies with household characteristics, state of residence, and year. Among the variables available in CNLSY there are those that determine income eligibility (total family income, family size, state of residence, Head Start cohort and an indicator of the presence of a father-figure in the child’s household) along with outcomes at different ages. For reasons explained in Section 3, we will focus mainly in the outcomes of children potentially eligible for the program at age 4. In our data, the earliest year in which we can construct eligibility at age four is 1979 (for children born in 1975), since this is the first year in which income is measured in the survey (eligibility each year is determined by last year’s income, which is precisely what is asked in the survey). Our final sample consists of children born between 1977 and 1996 (after imposing additional restrictions). Therefore, we study the effects of participating in Head Start throughout the 1980s and 1990s.16 Our treatment variable is an indicator for Head Start participation between ages 3 and 5. This is based on information collected by the CLNSY from 1988 onwards on whether the child currently attends nursery school or a preschool program, or whether she has ever been enrolled in preschool, day care, or Head Start. For participants we use the age at which the child first attended Head Start and the length of time attending the program to construct an indicator of Head Start attendance between ages 3 to 5. We use the variable ”Ever enrolled in preschool?” to construct participation in preschool. Therefore, we distinguish three alternative child care arrangements between ages 3 to 5: Head Start, enrolment in other preschool or neither of the previous two (informal care at home or elsewhere). In the raw data, 90% of mothers who report that their child was enrolled in Head Start also report that their child was enrolled in preschool, possibly confounding the two child care arrangements. Therefore, as in Currie and Thomas (1995, 1999), we recode the preschool variable so that whenever a mother reports both Head Start and preschool 16 All



monetary values presented are here are through out the paper measured in 2000 values using the CPI-U from the Economic Report of the President (2012), unless mentioned otherwise.



12



participation, we assume that there was enrolment in Head Start alone. After recoding this variable, almost 20% of the children in the sample enrolled in Head Start, 40% attended other type of preschool, and the remaining attended neither. In our data, about 40% of participants enter Head Start at age 3, and 50% enter at age 4. In the CNLSY, 90% of Head Start participants attended the program for at most one year.17 Out of the 11,495 children surveyed by 2008, we drop 2285 children for whom we do not observe Head Start participation between ages 3 to 5.18 We further drop 1974 children for whom we are unable to assess income-eligibility status at age 4 because of lack of information on family income, family size, state of residence or mother’s co-habitational status. We drop 855 children without information on income and family size before age 3 and birth weight. These variables are used as controls and we show in Section 5 that our results are not sensitive to the exclusion of these pre-determined control variables. We then exclude 948 children who are not observed at least once at ages 12-13, 16-17 and 20-21 and with missing information on the outcomes we analyze. Thus, the final sample consists of 5433 children. Although we discuss some results for females, for reasons that become clearer in Section 5, the bulk of the paper focuses on males. Since we rely on a discontinuity in the probability of participation around a threshold, we restrict the sample to children whose family income at eligible age 17 A



back-of-envelope calculation, suggests that based on official numbers we would expect the Head Start participation rate to be around 5% in the 1980s and early 1990s, but 8% in 2000. This is because according to the US CENSUS about 20% of children ages 3 to 5 in the US are poor, which amounts to 1,663,440 (out of 9,207,040), 2,021,299 (out of 10,275,120) and 1,836,383 (out of 10,601,578) children for the years of 1980, 1990 and 2000, respectively (poverty in CENSUS is defined using poverty thresholds, whereas eligibility to Head Start is determined by the poverty guidelines), and for these years the number of children enrolled in the program is 376,300, 540,930 and 857,664. We have a larger estimate in our data, possibly because of two characteristics to the sampling of NLSY: (1) about 50% of our sample is an oversample of minorities and poor whites available in data and (2) the CNLSY contains an overestimate of children from young mothers. This explains why our number is comparable to the 19.4% Figure (in Currie and Thomas, 1995, who use the same data source). Currie, Garces and Thomas, 2002, estimate Head Start participation at 10% in the PSID, and Ludwig and Miller, 2007, have participation rates of 20 to 40% in the counties close to their relevant discontinuity (based on data from the National Educational Longitudinal Study). As a further note, the NLSY79 also includes a subsample of members of the military, which we exclude from our work. 18 Table D.1 in Appendix includes the details of construction of our sample.
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was near the income eligibility cutoff for the program since points away from the discontinuity should have no weight in the estimation of program impacts (see e.g., Black, Galdo, and Smith, 2005, Lee and Lemieux, 2010). Therefore, we focus on the sample of children whose income was between 15% and 185% of the relevant income cutoff (we also present estimates using alternative intervals for income). Within this window of data we observe 2833 children (2550 at ages 12-13, 2416 at ages 16-17, 1977 at 20-21 years old; of these 1595 children are present at all age groups).19 Table B.2 in Appendix summarizes the data and it includes covariates that relate to family and child characteristics. It shows means, standard deviations and the number of available observations for each variable. It is clear that the children in our sample come from fairly disadvantaged backgrounds: 38% of their mothers are high school dropouts, and only 10% ever enrolled in college (although not presented in table, these figures are 26% and 22%, respectively, when we use all children in the CNLSY). Their average annual family income is only slightly above $18000 (deflated to 2000; as opposed to $42443 for the whole sample), 10% of children are reported to have been of low birth weight, 31% of these children were enrolled in Head Start, 52% were in other types of preschool, and 17% were in neither. In the whole sample of children 8% of children are reported to have been of low birth weight, 20% of these children were enrolled in Head Start, 62% were in other types of preschool, and the remainder did not attend any of these. A detailed description of all outcome variables used in our analysis is included table B.3 in Appendix and 19 One



potential problem of our approach is the large fraction of individuals which are dropped from the sample due to missing information for the assessment of the eligibility status at age four. Missing information could be a problem for our identification strategy if there are different response rates on either side of the cutoff. In practice, if income is missing we cannot check if a given individual is on one side or the other side of the discontinuity at the age in which we measure eligibility. However, we can do something very close to this, by looking at variables measured at other ages. In particular, in table D.2 in Appendix we re-estimate the reduced form model of equation 1 using as dependent variable a dummy for whether the child has missing information on any of these pre-age 3 controls that we add to the specification. In other words, we check if there is any difference in non-response on pre-age 3 controls on either side of the discontinuity. We cannot reject the null that the coefficient on eligibility in this regression is equal to zero, i.e., we cannot reject the null that non-response on pre-age 3 controls is the same in both sides of the discontinuity. Although this is just suggestive that selective non-response is not a major problem, it is reassuring. We thank this point to an anonymous referee.
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their mean and standard deviation are presented in table B.4 also in Appendix B.
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Results



5.1



First Stage Estimates



We start by checking whether the discontinuity in eligibility status also induces a discontinuity in the probability of Head Start participation by estimating equation (4). We present estimates for the three main samples we analyze (children ages 12-13, adolescents 16-17 and young adults 20-21) and by gender. Table 1 presents estimates of τ in equation (4). Eligibility is measured at age four, the age at which most children first enrol in Head Start. The marginal effect included is the average marginal change in participation as a result of a change in the eligibility status.20 Function h (Zi , Xi ) consists of a cubic in log family income and family size at age 4, an interaction between these two variables, a dummy indicating the presence of a father figure (father or step-father) in the household at age 4, indicators for gender, race and age, and indicators for year and state of residence at age 4. All standard errors in the paper are clustered at the level of the state-year, since eligibility rules are determined at this level (in the Appendix we also present estimates where clustering is done only at the state level). It is clear from Table 1, that across age groups, eligibility at age four is a strong predictor of program participation for males, although the estimated effect is well below 100%. This is an indication of weak take-up of the program at the margin of eligibility (common to many social programs).21 Our paper is novel in obtaining es20 This



is defined by: 1 N ∑ {Pr (HSi = 1|Ei = 1, Zi , Xi ) − Pr (HSi = 1|Ei = 0, Zi , Xi )} = N i=1 1 N ∑ [Φ(η + τ + h (Zi , Xi )) − Φ(η + h (Zi , Xi ))] N i=1



where N is the number of children in the regression sample, and Φ is the standard normal distribution function (we obtain similar results if we take the average of marginal effects using observations only in a small neighborhood of each cutoff). 21 This was discussed briefly above, but low take-up could be partially driven by the fact some
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timates of how the take-up of Head Start changes for individuals near the eligibility threshold, as their eligibility status change. This can be interpreted as the increase in participation generated by a small change in eligibility thresholds.22 We choose to focus on eligibility at age four as the main determinant of participation in Head Start because eligibility at age four is a better predictor of participation than either eligibility at age 3 or eligibility at age 5 (see table B.5 in Appendix). Therefore, the population of children for whom we are able to estimate the impact of Head Start are those for whom small changes in eligibility criteria induce them to enrol in Head Start. We are not able to estimate the impact of Head Start on those who are permanently and substantially below the poverty line, since they are unlikely to be located close to the eligibility cutoffs. When using a RD setup it is standard practice to present a graphical analysis of the problem. Relative to the standard setting which has a single discontinuity, our setup makes use of a range of discontinuities. One graphical representation of the problem which does not correspond exactly to the specification of our model takes a measure of family income relative to each family’s income eligibility cutoff, and defines this variable as ”distance to the eligibility cutoff”. Figure 1 plots Head Start participation at age 4 for males and females entering our analysis of outcomes at ages 12-13, 16-17 and 20-21, against the relative distance of family income to the income eligibility cutoff (at age 4). We divide the sample into bins of this variable (of size 0.05) and compute cell means for participation. We then run local linear regressions of each variable on the distance to cutoff on either side of the discontinuity (we use a bandwidth = 0.3 and Appendix we include the same picture for bandwidths 0.2 and 0.4 in Figure C.2). These figures suggest discontinuities of about 15% in program participation at the eligibility cutoff for the sample of boys, children start the program at either ages three or five when they are also eligible, but it is more likely that it results from several other factors, such as the lack of available funds to cover all eligible children (Head Start was never fully funded), stigma associated with program participation (Moffitt, 1983), or the fact that throughout most of the period we study (1980s and 1990s) most of the centers offered only part-day programs, which do not satisfy the needs of working families for full-day programs (Currie, 2006). 22 Most of the evidence of how newly eligible to social programs respond in terms of participation comes from Medicaid expansions throughout the 1980s and early 1990s, namely Cutler and Gruber (1996), Currie and Gruber (1996), Card and Shore-Sheppard (2002) and Lo Sasso and Buchmueller (2002).
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but no jump in the probability of participation for females. This is exactly what our regressions show in Table 1. 5.1.1



Gender Differences in first stage estimates



It is interesting and surprising that changes in eligibility status are not associated with changes in participation in Head Start for females. This result holds across races, as reported in table B.6 in Appendix B. It is difficult to understand why there is such a gender discrepancy. The fact that the change in eligibility status is only associated with changes in participation for boys and not for girls suggests that the marginal entrant into Head Start is a boy. It also implies that, using this strategy, we cannot estimate the impacts of Head Start for girls.23 This gender difference in program take-up is also present in the Head Start Impact Study, which randomizes eligibility across children wait-listed for a few oversubscribed Head Start centers. Using the data from this study, when we regress an HS enrollment dummy on a dummy indicating whether the child had won the lottery to access HS (with no controls), we estimate that winning the lottery leads to a 72% increase in the probability of enrolment for (4 year old) boys, but only a 63% increase for girls. Although this variation in eligibility is different than the one used in our paper (see table B.7 in Appendix B), these results still show that differential gender responses to eligibility status are not exclusive to our paper. In an attempt to understand the reasons behind the gender difference in the response to changes in eligibility, we start by dividing the sample by race, mother’s cohabitation status when child was 4 and area of residence at age 4, and redoing our analysis for each group.24 Our results show that gender differences in responses to eligibility are not driven by any particular demographic group. Furthermore, these differences are also not driven by an earlier or later enrolment of girls (relative to 23 Gender is not the only demographic on which we find differences in the impact of program eligibility on program enrolment. In the appendix we also report that the discontinuity in the probability of participation is larger for Black boys than for non-Blacks, so the marginal entrant is more likely to be Black (see table B.6). 24 The results by race are included in table B.6. For brevity we do not include the first stage estimates by mother’s cohabitation status and area of residence when child was 4, but these are available from the authors.
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boys) in Head Start (at either ages 3 and 5, the jump in the probability of participation is only statistically significant for boys - see Table B.5 in the Appendix). Second, we studied whether there exist gender differences in other parental investments, and labor market outcomes of parents. We start by showing in figure (C.3) in Appendix the estimated density for a measure of the quality of the home environment available in the NLSY: the HOME score for children ages 0-14 years old.25 These graphs show that between the ages of 0 and 10, HOME investments tend to be higher for girls than for boys (the differences in these densities for most of the ages presented here, and the same is true for those ages not shown).26 Table B.8 in the Appendix supports the graphical analysis and it shows the estimated gender difference in maternal labor supply and the HOME score (and two of its subscores) from a regression of these measures on child’s gender, age and year indicators. We do not find any gender gap in the labor market outcomes of mothers (either for the number of weeks worked per year, included in table B.8, or for total number of hours worked per year and labor market participation). However, maternal investments measured by the HOME score are on average 0.1SD lower for boys than girls (the same holds for its subscores; see Panel A). When we focus on families with multiple children of different gender (see Panel B) the HOME score is also 0.09SD lower on average among boys relatively to girls. Note that the HOME score is constructed from mother’s answers to variety of questions including mostly information about maternal attitudes towards children. Our findings that mothers engage more with girls is consistent with others in literature (see Lundberg, 2005, for a review).27 In sum, gender differences in how the take-up of Head Start responds to changes in eligibility are not exclusive to our dataset. They are also present in the data from 25 The HOME score is available from ages 0 to 14 and it aims to measure the quality of the cognitive stimulation and emotional support provided by a child’s family. More than half of the HOME items are obtained from maternal reports. 26 For each age we perform the Kolmogorov-Smirnov test for the equality of the distributions for the score of the two genders. The p-values are the following: 0.339 (age 0), 0.067 (age 2), 0.000 (age 4), 0.157 (age 6), 0.017 (age 8) and 0.002 (age 10). 27 Following Dahl and Moretti, 2008, we also tried to look for evidence of whether parents in the NLSY continue childbearing until they have a son. We do not find robust evidence of this in the CNLSY sample, which could be due to the fact that this is a much smaller sample than the CENSUS, and thus we may lack power to test such hypothesis.
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the Head Start Impact Study. Although the magnitudes of the gender differences are not the same in the two datasets (nor is the nature of the changes in eligibility), the qualitative patters are similar: enrolment rates of males responds more to changes in eligibility than enrolment rates of girls. In addition, gender differences in parental investments have already been documented in the literature for developing and developed countries (e.g., Dahl and Moretti, 2008, Lundberg, 2005, Baker and Milligan, 2013). The gender differences in program take-up we observe may be one more manifestation of the same phenomenon. These differences could be driven by differences in technology or differences in preferences (or even in expectations), but as Lundberg (2005) points out, it is very difficult to distinguish different explanations. 5.1.2



Understanding the comparison group



In order to be able to interpret our results it is central to understand in which type of child care would children enrol in the absence of the program. As we explained in Section 4, we consider three possible child care arrangements between ages 3 and 5: ”Head Start”, ”Other Preschool”, ”Informal care”. Table 2 shows how participation in these three alternative child care arrangements responds to eligibility. We regress the dummy variables indicating participation in each type of child care on eligibility and the remaining control variables. There are two panels in the table, corresponding to males and females. Each panel is divided by age group: those for whom we have outcomes at ages 12-13 (columns 1-3), those with outcomes at 16-17, and those with outcomes at ages 20-21 (columns 7-9). We start by discussing Panel A for boys. Columns 2 and 3 show that, for the youngest cohort, when an individual becomes Head Start eligible there is a statistically significant movement out of ”Other Preschool”. In contrast, columns 4-6 show instead that children in slightly older cohorts are more likely to leave ”Informal Care” when they become eligible for Head Start. Finally, for the oldest cohort of children (columns 7-9), there is movement out of both ”Other Preschool” and ”Informal Care” in response to a change in eligibility status, but movement out of the ”Informal Care” seems to be relatively more important. Changes in a child’s eligibility status are not associated with changes in participation in any of the three 19



types of care among girls.28 It is useful to contrast our control group with those used in previous studies, since differences in the population of interest across studies may lead to differences in results. Currie and Thomas (1995), Currie, Garces and Thomas (2002), and Deming (2009) compare siblings that attended Head Start vs. either ”Other Preschool” or ”Other type of care”. In contrast, the HSIS, 2010, compares Head Start children with children in the waiting lists of about 380 centers, who attended a mixture of alternative care settings (around 60% of children in the control group participated in some type of child care or early education programs during the first year of the study, with 13.8% and 17.8% of the 4 and 3-year-old in the control group, respectively, participating in Head Start itself). Since we use the same data set as Currie and Thomas, 1995 (and Deming, 2009), we can further compare the characteristics of the individuals induced to enrol in Head Start by eligibility at age four (the relevant population in our study), and the characteristics of children in families where one sibling enrols in Head Start and the other does not, which are the relevant populations in earlier papers on this topic (see Table B.9 in Appendix B, which presents the relative likelihood of compliers having a given characteristic compared to the population at large; see Angrist and Pischke, 2009). For most of the measures we analyze, the group of children for whom we identify impacts of Head Start is less disadvantaged than the population of children studied in sibling studies. Both groups of children are more likely to live in poor families before age 3 than the average, but when we compare the relevant population in siblings studies with the relevant population in our study, the former is more likely to be poor, to have less educated mothers, to have mothers with lower levels of AFQT, and to not have been breastfed.



5.2



Balancing Checks



In this section we perform standard balancing checks, examining whether individuals just above and just below the eligibility thresholds look similar in terms of their observable characteristics. We take a set of pre-program variables that should not 28 The



estimates for the marginal change in the take-up of the three child care alternatives do not change if a multinomial logit model is estimated instead of separate probit models for each choice.
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be affected by participation in the program, and we use them as dependent variables in equation (1). If our procedure is valid then the estimate of γ in these regressions should be equal to zero. The relevant variables are: the child’s average MOTOR score before she turned three (a measure of the physical and social development for very young children), birthweight, mother’s education, maternal grandmother’s education, marital status of the mother before the child turned 3, mother’s AFQT score, average log family income and family size between the ages of 0 and 2, and several variables related to the mother’s family environment when she was 14 years old (whether the mother lived in a Southern state, whether she lived with her parents, how many siblings she had, and whether she lived in a rural area). Eligibility is measured at age 4, as explained above. The results are presented in Table 3, and the sample includes all children for whom we observe outcomes at ages 12-13. Results for other older age groups are similar, and are available from the authors. Most estimates of γ are small (compared with the mean and standard deviation of each variable also included in table) and, when taken individually, almost all of them are statistically insignificant.29 Furthermore, because we are testing multiple hypotheses simultaneously we should adjust the relevant p-values. Once we do that, following the procedure suggested in Algorithms 4.1 and 4.2 of Romano and Wolf (2005), we cannot reject the hypothesis that there is no significant relationship between any of these variables and eligibility (even in the case of the two variables for which coefficients are individually statistically different from zero: birth weight, mother married before child turned 3 and whether mother lived in a rural area by age 14).30 Figure C.4 29 In



order to better understand the magnitude of these estimates we conducted the following exercise. Take a few of our main outcomes of interest, such as BPI at ages 12-13, and CESD by ages 16-17. Then regress each outcome on each of the variables in table (3), and compute predicted values for each regression. We can now rerun the regressions on table (3) using these predicted values instead of the variables that generated them, allowing us to translate the coefficients in table (3) into magnitudes of the outcomes of interest. We do not report this in a table, but describe the results briefly in the text (for all boys): in terms of BPI, all the coefficients in table (3) are between -0.0081 and 0.016 (expressed as a fraction of a standard deviation), and for CESD up to ages 16 to 17 they are between -0.0068 and 0.007 (expressed as a fraction of a standard deviation). All these figures are very small. 30 Since we are examining the impact of a program on multiple variables (as opposed to a single
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in the Appendix shows local linear regression estimates similar to those in figure 1, but using variables taken before child turned three as dependent variables. Visual inspection of these figures yields similar conclusions to those in table 3.31 Throughout the rest of the paper we augment our basic specification of f (Zi , Xi ) with some of these variables as additional covariates to reduce sampling error and small sample bias (e.g., Lee and Lemieux, 2010). In particular, we add a cubic on log of average family income and average family size between ages 0 and 2, an interaction between the two, and a cubic on the child’s birth weight.



5.3 5.3.1



Estimates from the Reduced Form Equations Indices of Outcomes



Table 4 presents estimates for γ in equation (1), where the dependent variables are summary indices of the set of outcomes we analyze at each age group studied (12-13, 16-17 and 20-21). In order to construct these indices we first standardize each individual outcome variable, and then we average them, using weights that ensure that outcomes which are highly correlated with each other receive less weight whereas outcomes that are uncorrelated and thus represent new information receive more weight. In particular, the weight is the inverse of the variance covariance matrix (see Anderson, 2008). Each index is then re-standardized to have mean zero and standard deviation one for a clearer interpretation of results. Table B.3 in Appendix lists the variables used in the indices. We use 15 variables to construct the summary index at ages 12-13, 8 variables for the index at ages 16-17, and 6 variables for the index at ages 20-21. For children ages 12-13, the overall index can be divided into three subindexes: cognition, which includes variable) we need to account for that when doing hypothesis testing. Several multiple hypotheses testing procedures exist, but the most recent one is developed in Romano and Wolf (2005), which accounts for non-independence across outcomes, and has more power than most of its predecessors (namely Westfall and Young, 1993). 31 An alternative and more direct test of manipulation, developed by McCrary (2007), checks whether there is bunching of individuals just before the discontinuity. This test is not practical with multiple discontinuities unless we have a large sample size. However, when we implement it using a single discontinuity (using percentage distance to the eligibility cutoff as the running variable) we find no evidence of income manipulation, as shown in figure C.5 in Appendix.
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mainly test scores; behaviors, which includes measures of behavioral problems; and health, which includes a variety of health indicators. Given the small number of variables used at ages 16-17 and 20-21, which mostly refer to behavioral measures, we opted to construct one single index for these samples. The variables composing these indices have their sign switched when needed, so that positive direction always indicates a ”better” outcome. Therefore, a positive coefficient on eligibility is interpreted as a positive effect of the program. Table 4 is divided into three panels, one for each age group. Since there are no impacts of eligibility on Head Start participation for girls all the relevant coefficients should be zero for this sample. We report results for this sample as a check to our procedure. Estimates in Panel A show that, among boys 12-13 years old, eligibility to Head Start leads to an overall improvement in the summary index. Panel B shows that for boys 16-17 being eligible for Head Start also leads to better outcomes for boys (column 4), which are reflected into the overall sample (columns 6). We do not detect a statistically significant relationship between the index at ages 20-21 and eligibility to Head Start (see Panel C), although the estimated coefficient for boys is positive and large (roughly of the same magnitude as the estimate in panel B, but the sample at ages 20-21 is about 3/4 of that for adolescents). Furthermore, for this age group the analysis of individual outcomes below shows statistically significant program impacts on a few outcomes, even after accounting for multiple hypothesis testing.32 5.3.2



Individual Outcomes



In tables 5-7 we present the effects for the individual components of the index, only for boys (estimates for girls and for the whole sample are displayed in Appendix 32 In



table 4 the coefficient on eligibility for girls ages 12-13 is weakly significant, but (1) none of its subcomponents (cognitive, health or behaviors) is statistically associated to eligibility in table B.10 in Appendix and (2) none of the estimates for its individual components in table B.11 in Appendix is significant when we adjust the p-values to account for multiple hypotheses testing. Additionally, in table B.10 for males there is no association between the index of cognition and eligibility to Head Start (columns 1), but there is a positive relation between eligibility to Head Start and the behavioral and health indexes for boys (column 4 and 7, respectively) and for the whole sample (column 6 and 9). Among boys 12-13 years old Head Start is associated with an improvement of 23.3% and 23.6% of a SD in behavioral and health problems, respectively.
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tables B.11-B.13). For each outcome we report (i) the mean (”control mean”) of the outcome for those individuals just above the cutoff, (ii) the number of observations in each regression, (iii) the coefficient on eligibility (column labeled ”ITT”, or intention to treat) and its standard error33 , and (iv) whether the hypothesis that the coefficient is equal to zero is rejected at the 10% level of significance using the algorithm of Romano and Wolf (column labeled ”RW pv


the discrete outcomes we also present the average marginal effect of eligibility on the outcome being analyzed in each row in italic. 34 We also analyzed the frequency of dental check-ups. This is an important outcome as one of the services provided to Head Start children and it is one outcome where the Head Start Impact Study, 2010, found effect sustained until the end of kindergarten. We did not find any effects on whether the child has had any dental check either the last 12 or 24 months at ages 6-7, 9-10 or 12-13. We do not report these outcomes in our main tables as information on dental check-ups is only available since 1992, and the sample size in estimations is about 75% of that used for the other outcomes for these age groups.
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infrequently, when compared to the other tests we study (nevertheless, our results are essentially the same when we analyze the PPVT).35 Table 6 shows estimates of the impact of eligibility to Head Start on outcomes for adolescents ages 16-17. We find that eligibility to Head Start leads to a decrease in the probability of being overweight and a reduction in symptoms of depression, measured by the CESD. Finally, table 7 includes estimates for young adults ages 20-21 years. We show that HS eligibility leads to a decrease in the probability of ever being sentenced for a crime and idleness by ages 20-21 among males. These impacts are statistically significant even after accounting for multiple hypothesis testing, even though we could not detect an impact of eligibility to HS on the summary index used in table 4.36 35 For



comparison, in the appendix we also present estimates of the impacts of Head Start participation versus pre-school and other arrangements using a siblings comparison strategy, as in Currie and Thomas (1995) and Deming (2009). These results are included in table B.14 in Appendix. Because we focus on a different cohort of participants than these papers, we present two columns for each outcome: (1) for children that could have mainly attended the program in the 1980s, born up to 1986 (as Currie and Thomas, 1995, and Deming, 2009) and (2) for children that could have enrolled in the 1990s (born after 1986). We present estimates for four outcomes: (1) an index created following Deming (2009) which is the average of PIAT-Math, PIAT-Reading Recognition and PPVT, (2) for PPVT, (3) for PIAT-RR and (4) for BPI. The first column for each outcome replicates the findings in Currie and Thomas, 1995, and Deming, 2009, but for the later cohort the effect on test scores is not the same as in those papers, which is mainly because we have greatly extended the sample to include younger cohorts of children. 36 Kling, Ludwig and Katz, 2005, find that youth tend to underreport antisocial behavior, namely arrestments. Our measure of crime and other social behaviors rely on self-reported information, however, this underreport will only bias our estimates if it occurs differentially on either side of the cutoff. We do not suspect that this is the case, since our balancing checks (table 3) show that we cannot reject the null that those just eligible and just ineligible are similar in terms of pre-HS characteristics. Thus, there is no association between HS eligibility and some characteristics which could be associated with different reporting of behaviors. Other concern with adult outcomes, namely crime, is the fact that they could be driven by attrition. To understand if those that attrite the from the sample at ages 20-21 (but observed in data at ages 12-13 or 16-17) are systematically different in terms of likelihood to commit crime than those that do not attrite we perform the following exercise. We use the sample of children around the cutoff and estimate regressions versions of equation 1: we estimate regressions of several child and family outcomes before 20-21 years old on an indicator for whether the individual will be missed from the data at ages 20-21, this indicator interacted with eligibility at age 4 and eligibility to HS at age 4, and we include the controls in table 4. We cannot detect any significant pattern in terms of how prone to crime those with outcome missing at ages 20-21 are. To be more precise, those present in sample at ages 12-13 or 16-17, but missing at age 20-21, seem have the same pre-age 20 characteristics on either side of the cutoff. This suggests that our results of the effects on crime are not driven by some differential pattern of attrition among just
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The different panels in figure 2 display the graphical representation of our results for a selected set of outcomes (for the sample of males). As in figure 1, we use a bandwidth equal to 0.3 (in the appendix we present results for bandwidths 0.2 and 0.4; figures C.6-C.7). The figures suggest that there are discontinuities in the level of the outcomes we study at the eligibility cutoffs, and they have the same sign as those reported in the tables above. However, for all the outcomes we consider there is a fair amount of oscillation in both sides of the discontinuity.37 5.3.3



Sensitivity to functional form, sample size and effects of other programs



Table 8 shows that our results are robust to a battery of sensitivity checks, namely, functional form of running variable, sample size and effects of other programs. We use one outcome for each age group studied, the summary index of table 4. In tables B.15-B.17 in the Appendix we include additional estimates for each of these three exercises, where selected individual components of the index are used as the dependent variable (those components for which we find the strongest impacts of the program). We focus on males, which is the sample driving our results. We start by examining Panel A, which shows changes to the specification and to the set of controls. The first row presents our basic specification, giving us the main results presented so far. In the second row we exclude several control variables from the model, namely those corresponding to pre-age 4 characteristics, while in the third row we expand the set of pre-age 4 variables we include in the model (see the note to the table). In fourth and fifth rows we change the order of the polynomial in income and family size, from cubic, to either quadratic or quartic. Results are fairly similar across rows. Panel B of Table 8 shows the sensitivity of our results to the size of the window of data used around the discontinuity. We construct these intervals based on values eligible and just ineligible. We thank this point to an anonymous referee. 37 When we redo the regressions in tables 4-7 using distance to the eligibility cutoff as the running variable instead of family income and family size our estimates which are slightly smaller than the ones we report as our basic specification, but always of the same sign and similar magnitude. Although they do not remain statistically significant for the outcomes where we saw the strongest effects at ages 12-13, they remain statistically significant at ages 16-17 and ages 20-21. These results are shown in table B.22 in Appendix.
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of family income, taken as a proportion of the household specific cutoff. The third row in the panel is the benchmark displaying our main results. The other rows present different window sizes going from very small (first row) to an income three times the cutoff (last row). If the window is very small so is the sample size, and the estimates become more noisy. If the window is too large we are using large amounts of data that are not very relevant for the parameter of interest, which can make the problem of misspecifying the polynomial worse. Our results are robust to reasonable changes in window size, only changing substantially when the window is very large. Panel C examines whether our estimates are potentially capturing the impacts of other programs. As mentioned in section 3, eligibility to Head Start is correlated with eligibility to other programs, such as AFDC, Medicaid, or SSI38 . It is therefore possible that the estimates in tables 4-7 confound the effects of Head Start with those of other programs. However, while most of these programs exist during several years of the child’s life, Head Start is only available when the child is between ages 3 and 5. This fact allows us to assess whether confounding effects from other programs are likely to be important. Our reasoning is as follows. Suppose that we estimate equation (1) using eligibility (as well as the covariates) measured at different ages of the child. If participation in other programs is driving our results, Ei should have a strong coefficient even when measured at ages other than 3 to 5. Otherwise, we can be confident that our estimates reflect the impact of Head Start, since it is (possible but) unlikely that other programs affect child development only if the child enrols at ages 3 to 5, but have no effect if she enrols either at ages 0, 1, 2, 6 or 7.39 In this last panel we present estimates of the impact of eligibility to Head Start at different ages on the summary index. Each row represents a different regression, where the age of eligibility (and the corresponding controls) varies from 2 to 6. 38 In results available from the authors, it is possible to confirm that our eligibility variable is also a good predictor of participation in these other programs. 39 This reasoning will work if the set of individuals who are at the margin of eligibility at ages 3 to 5, are different from those who are at the margin of eligibility at ages 0, 1, 2, 6 and 7. If they were all the same individuals it would be impossible to distinguish eligibility to Head Start (only at ages 3 to 5) from eligibility to other programs (at all ages). Furthermore, it is not possible to rule out that other programs have most of its influence at ages 3-5.
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Across the rows, the largest and strongest estimates occur consistently at age 4, and sometimes 5.40 We take this as suggestive evidence that, by using our procedure, we are capturing the impact of Head Start and not of other programs. 5.3.4



Additional results



In the Appendix A we present detailed analysis of additional robustness checks which we describe here. We include three sets of additional results to support our analysis. First, we include an analysis of the main results separated by race groups, although in this case we focus on males alone (see table B.18). We find that for children ages 12-13 the overall effects are driven by the non-Black with an improvement on the summary index (although the effects on obesity come from the Black sample). One additional effect (robust to multiple hypotheses testing) found for non-Black children is a decrease in the probability of enrolment in special education, which is consistent with improvement in white children’s school performance also find by Currie and Thomas (1995). Among adolescents 16-17, the effects are mainly driven by the Black sample, with an improvement in the summary index. The effects on being overweight are driven by Black adolescents (which is consistent with the findings of Frisvold, 2011), whereas the impacts on mental health come from the non-Black sample. Finally, the effects on crime related activities among young adults are due to reduced engagement in criminal activities by the non-Black. Second, we study whether there are differences in program impacts across cohorts of children, because they may tell us something about changes in the program over time. We only do this for the youngest age group (12-13), for whom we have a larger sample (see table B.19; again only the sample of boys is used). We separated 40 We



present further evidence in table B.17 in Appendix, where we use include estimates for individual outcomes, but also for eligibility measured between ages 0 and 7. We find that across columns the strongest effects appear when eligibility is measured at age 4, sometimes at age 5 (BPI and overweight in panels A.1 and B.1). The only exception is in panel A.3 - for the significant association between use of special equipment and eligibility at age 7; there is also a significant association between the need to use special equipment and eligibility at ages 0 and 1, but the coefficient goes in the opposite sign. In Panel C.1 there is a positive mild association between ”ever sentenced” at ages 20-21 and eligibility at ages 1 and 6; in panel C.2 there is also a positive mild association between ”idleness” at ages 20-21 and eligibility at ages 2 and 7.
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children 12-13 years of age into two groups: those who could have been eligible to attend the program in the 1980s (born between 1977 and 1984), and those who could have attended it in the 1990s (born in 1985-2000). The reduced form estimates show that most of the effects we find in the overall sample are driven by the set of children who attended the program in the 1980s. Third, we investigated the mechanisms behind the effects found, studying whether Head Start is associated with a response in parental labor supply around Head Start age, and if it exists a reinforcing or compensatory response of parents with respect to child investments as a response to the program (see Gelber and Isen, 2013). We start by analyzing labor supply of mothers and her spouses in the years prior and during Head Start age (table B.20) to learn whether parents (especially, mothers) use the fact that children are in child care for job search (parents can use the Head Start years to improve their current and future employment prospects, through the services offered by the program). We find that during the period in which children can attend HS there is a drop in the weekly hours worked by mothers of boys at the cutoff, suggesting that there is not an immediate recover of labor market prospects for mothers of children that just become eligible. Regarding parental investments (table B.21) we cannot rule out a zero relation between of eligibility at age 4 and a measure of quality of home environment in the period subsequent to program. Finally, we also show that our results are robust to three additional sensitivity checks. First, we test for discontinuities in outcomes at non-discontinuity points (table B.23). Second, we allow for serial correlation in state specific shocks by clustering the standard errors at state level (table B.24). Third, we re-estimate equation (1) including only the individuals we observe for all three age groups (12-13, 16-17 and 20-21). Our estimates for this exercise are presented in table B.25, and they show that our main conclusions hold in this smaller sample, although the estimates become more imprecise either when we study individual outcomes or use the summary indexes.
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5.4



Estimates from the Structural Equations



The reduced form analysis of a summary index that aggregates several variables presented in table 4 tells us that HS has overall positive effects for 12-13 and 16-17 males. These positive effects represent strong effects of eligibility to Head Start on behavioral problems, on being overweight, and on the need to use special health equipment at ages 12 and 13. Among adolescent boys there are strong effects on depression and obesity, and table 7 shows large effects on criminal activity and idleness among young adults. The effects in tables (4)-(7) are our main results, but the estimates in these tables do not correspond to the quantitative impact of the program on individuals because compliance with the program is imperfect, and eligibility does not equal participation. These estimates need to be scaled up by the estimated effect of eligibility on participation, and the best way of doing this is to estimate equation (3) jointly with (4) (Lee and Lemieux, 2010). In doing so, the estimated effects became quite imprecise, reflecting some instability in the procedure. In spite of this, in all cases but one the essential patterns of tables (4)-(7) remain unchanged.41 Table 9 shows estimates of β coming from the system consisting of (3) and (4), for the sample of males. The table reports estimates of β, as well as average marginal effects of Head Start for the discrete outcomes (labeled Marginal Effect). Since in the first stage there is only a significant association between eligibility at age 4 and program participation for males, table 9 focus only in this sample. In panel A we present the effect at ages 12-13, and we estimate that participation in Head Start leads to a 26% reduction in the probability of being overweight, a 29% reduction in the probability of needing special health equipment, a 0.6 standard deviation decrease in the behavior problems index for the whole sample and a 129% standard deviation improvement in the summary index (see columns 1-4). 41 Behind



the instability problem may be the fact that either one or both equations in this system are non-linear and our specifications include a large number of location and time indicator variables. This is particularly true when we estimate bivariate probit models, which involve maximizing nonconcave likelihood functions with more than one local maximum. For each outcome we started the optimization routine using the estimates where Head Start participation is considered exogenous, and the results we report correspond to the maximum values of the likelihood that we found. The optimization algorithm used for each outcome is presented in the note of table 9.
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We should point that the structural estimates on the summary index are implausibly large, which result from the very fuzzy discontinuity in the first stage (see table 1).42 Panel B presents estimates for ages 16-17. Surprisingly for this age group we cannot find any impact of the program on being overweight (perhaps because of numerical difficulties in our procedure), or on the summary index, but we estimate that the program leads to a 0.55 standard deviations decrease in the depression score. Finally, at ages 20 or 21 (Panel C) we find a 22% reduction in the probability of ever being sentenced of a crime (the effect on idleness is not significant), but no effects on the overall index. In summary, tables 4-7 and table 9 (and the subsequent sensitivity analysis) present a picture of strong effects of Head Start on behavioral and health outcomes of children, which are sustained at least until early adulthood. It is interesting that in the case of behavioral outcomes we were able to find a consistent set of large and statistically significant results, while that is not true for cognitive outcomes (as in the HSIS). As stressed by Cameron, Heckman, Knudsen and Schonkoff (2007), this may be due to the fact that non-cognitive skills are more plastic than cognitive skills, and early childhood interventions are more likely to have sustained effects on the former than on the latter.43



6



Summary and Conclusions



In this paper we study the impact of Head Start (a preschool program for poor children) on the risky behaviors and health of children, adolescents and young adults. A recent experimental evaluation of this program, the HSIS, reports little or no effects on children outcomes. However, its focus is on short terms impacts, while our paper focuses on mid to long-term impacts of the program. Identification of the effects of the program is based on the fact that the probability of program participation is a discontinuous function of household income 42 The 2SLS estimates for the summary index by area at ages 12-13 are as follows: cognitive -0.622 (0.468); behaviors 0.687 (0.490) and health 1.272 (0.572) (standard errors in parenthesis). 43 In table B.26 in the Appendix we also include estimates using a linear probability model for discrete outcomes. These results show that our findings hold under a linear regression model.
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(and family size) because of the program’s eligibility rules, enabling us to use a “fuzzy” regression discontinuity design. There is a large range of discontinuity cutoffs, which vary with family size, family structure, year and state. Therefore, we are able to identify the effect of the program for a wide range of individuals. We find that Head Start decreases behavioral problems, prevalence of chronic conditions and obesity at ages 12 to 13, depression and obesity at ages 16 and 17 and crime at ages 20-21. The parameter we identify can be interpreted as the effect of expanding marginally the eligibility requirements to the program, and the effects we find are large, sustained and remarkably robust to a battery of tests. A simple cost-benefit analysis (see Appendix E) shows that the program has an internal rate of return of at least 4% (this is higher than the interest rate of other investments, for example, during 2013 the yield curve rates for 30 years US T-Bonds has been fluctuating between 2.8% and 3.8%). These impacts show the potential for preschool programs to improve outcomes of poor children, even when they are universal programs such as HS.
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Figures



Figure 1: Proportion of children in Head Start, by eligibility status. Note: The continuous lines are local linear regression estimates of Head Start participation on percentage distance to cutoff; regressions were run separately on both sides of the cutoff and the bandwidth was set to 0.3. Circles in figures represent mean Head Start participation by cell within intervals of 0.05 of distance to cutoff. The kernel used was Epanechnikov. 38



Figure 2: Average outcomes by eligibility status, Bandwidth = 0.3. Note: The continuous lines are local linear regression estimates of several outcomes on percentage distance to cutoff. The bandwidth was set to 0.3. Circles in figures represent the mean outcome by cell within intervals of 0.05 of distance to cutoff. The kernel used was Epanechnikov. The sample only includes boys.
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Table 1: First Stage Estimates. Sample



(1)



(2)



(3)



All



Males



Females



Panel A: ages 12-13 1[HS Eligible at 4] Marginal Effect Observations Control Mean SD



0.278** [0.118] 0.248



0.684*** [0.169] 0.209



-0.048 [0.170] -0.015



2,550 0.432 0.089



1,294 0.215 0.412



1,256 0.272 0.446



Panel B: ages 16-17 1[HS Eligible at 4] Marginal Effect Observations Control Mean SD



0.313** [0.123] 0.252



0.640*** [0.176] 0.198



0.014 [0.176] 0.004



2,416 0.435 0.101



1,228 0.224 0.418



1,188 0.275 0.448



Panel C: ages 20-21 1[HS Eligible at 4] Marginal Effect Observations Control Mean SD



0.311** [0.137] 0.229



0.744*** [0.197] 0.225



-0.003 [0.186] -0.001



1,977 0.421 0.100



953 0.190 0.394



1,024 0.261 0.441



Note: The table reports results of probit estimates of an indicator for Head Start participation on income eligibility. The marginal effect is the average marginal change in the probability of Head Start participation across individuals as the eligibility status changes and all other controls are kept constant. Controls excluded from the table include cubic in log family income and family size at age 4, an interaction between these two variables, a dummy indicating the presence of a father figure in the household at age 4, race and age dummies, and dummies for year and state of residence at age 4. The F-test for the exclusion of variable ”1[HS Eligible at 4]” from the linear probability model equivalent to the probit model estimated in table are: 5.8 for the whole sample, 17.3 for males and 0.03 for females. Thus, for the sample of males the F-test is above the value of 10, usually used to assess about the weakness of instruments. Robust standard errors are reported in brackets clustered at state-year at age four level. * significant at 10%; ** significant at 5%; *** significant at 1%.
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41 -0.0484 [0.170] -0.015 1,256 0.272 0.446



1[HS Eligible at 4]



Observations Control Mean SD



(3)



1,271 0.572 0.496



0.0945 [0.160] 0.034



1,302 0.589 0.493



-0.392*** [0.146] -0.136



1,239 0.156 0.363



-0.135 [0.183] -0.031



1,267 0.195 0.397



-0.325 [0.210] -0.068



Ages 12-13 Preschool Informal



(2)



(6)



Ages 16-17 Preschool Informal



(5)



1,188 0.275 0.448



0.0142 [0.176] 0.004



1,228 0.224 0.418



1,210 0.201 0.402



1,195 0.569 0.497



1,174 0.156 0.364



Panel B: Girls 0.0587 -0.169 [0.164] [0.186] 0.021 -0.040



1,236 0.575 0.496



Panel A: Boys 0.640*** -0.217 -0.624*** [0.176] [0.148] [0.227] 0.198 -0.076 -0.132



HS



(4)



1,024 0.261 0.441



-0.00272 [0.186] -0.001



953 0.190 0.394



0.744*** [0.197] 0.225



HS



(7)



(9)



1,031 0.580 0.495



0.121 [0.181] 0.045



951 0.642 0.481



-0.322* [0.166] -0.113



952 0.159 0.367



-0.262 [0.239] -0.058



869 0.168 0.375



-0.678*** [0.260] -0.128



Ages 20-21 Preschool Informal



(8)



Note: The table reports results of probit regressions of different child care arrangements at ages 3-5 on income eligibility at age four (sample of boys). The marginal effect is the average marginal change in the probability of participation in an arrangement across individuals as the eligibility status changes and all other controls are kept constant. Controls excluded from table include: cubic in log family income and family size at age 4, an interaction between these two variables, a dummy indicating the presence of a father figure in the household at age 4, race and age dummies, and dummies for year and state of residence at age 4. Robust standard errors are reported in brackets clustered at state-year at age four level. * significant at 10%; ** significant at 5%; *** significant at 1%.



Marginal Effect



1,294 0.216 0.413



0.684*** [0.169] 0.209



HS



Observations Control Mean SD



Marginal Effect



1[HS Eligible at 4]



Sample Program



(1)



Table 2: Control Group - Alternative Child Care.



42 No 540 0.310



-0.318* [0.186]



No 576 0.026



-0.107 [0.170]



No 1,116 0.164



-0.209* [0.109]



No 1,256 113.767



2.079 [2.328]



No 1,294 119.443



-7.021** [2.840]



No 2,550 116.660



-2.543 [1.884]



(1) Birth weight



No 1,256 11.664



0.213 [0.215]



No 1,294 11.920



0.110 [0.223]



No 2,550 11.794



0.178 [0.153]



(2) Mother’s Educ. 0-2



No 1,178 9.661



-0.145 [0.362]



No 1,193 10.249



-0.335 [0.370]



No 2,371 9.955



-0.217 [0.251]



(3) Grandmother’s Educ.



No 1,256 0.886



-0.001 [0.038]



No 1,294 0.907



-0.057* [0.035]



No 2,550 0.897



-0.030 [0.025]



(5) Mom married before age 3



No 1,256 9.896



No 1,256 4.228



-0.012 [0.165]



Panel C: Girls 3.485 0.040 [2.379] [0.078] No 1,210 25.222



No 1,294 4.315



No 1,294 9.971



No 1,260 33.742



-0.213 [0.162]



Panel B: Boys -2.618 -0.129 [2.506] [0.079]



-0.110 [0.122] No 2,550 4.273



-0.031 [0.055]



(8) Family Size 0-2



No 2,550 9.934



No 2,470 29.615



0.632 [1.724]



(7) Family Income 0-2



Panel A: All



(6) Mother’s AFQT



No 1,202 0.423



0.001 [0.035]



No 1,243 0.411



-0.049 [0.036]



No 2,445 0.417



-0.023 [0.025]



(9) Mom lived in south at 14



No 1,250 0.623



0.002 [0.057]



No 1,290 0.645



-0.049 [0.057]



No 2,540 0.634



-0.013 [0.040]



(10) Lived with parents at 14



No 1,253 4.830



-0.181 [0.388]



No 1,289 4.381



0.146 [0.333]



No 2,542 4.602



-0.077 [0.253]



(11) Mom’s siblings at 14



Note: The table reports OLS estimates of family and child’s outcomes measured before age three on income eligibility. Controls excluded from table include cubic in log family income and family size at age 4, an interaction between these two variables, a dummy indicating the presence of a father figure in the household at age 4, race and age dummies, and dummies for year and state of residence at age 4. The sample used includes children ages 12-13. Robust standard errors are reported in brackets clustered at state-year at age four level. * significant at 10%; ** significant at 5%; *** significant at 1%.



RW algorithm H0 rejected at 10% Observations Control Mean



1[HS Eligible at 4]



RW algorithm H0 rejected at 10% Observations Control Mean



1[HS Eligible at 4]



RW algorithm H0 rejected at 10% Observations Control Mean



1[HS Eligible at 4]



Motor 0-2



Table 3: Balancing results: Pre-Head Start age outcomes.



No 1,249 0.182



0.019 [0.044]



No 1,287 0.182



-0.082* [0.048]



No 2,536 0.182



-0.037 [0.032]



(12) Mom lived in rural area at 14
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1,294



0.313** [0.128] 1,256



0.184* [0.097]



All



2,550



0.210*** [0.079]



Female Ages 12-13



Male



(3)



1,228



0.266** [0.121]



Male



(4)



1,188



0.063 [0.124]



Female Ages 16-17



(5)



2,416



0.163* [0.092]



All



(6)



953



0.194 [0.139]



Male



(7)



1,024



0.009 [0.139]



Female Ages 20-21



(8)



1,977



0.073 [0.096]



All



(9)



Note: This table presents estimates for γ in equation 1. Controls excluded from table: cubic in log family income and family size at age 4, an interaction between these two variables, cubic in log of average family income and family size for ages 0-2, interaction between these two variables, cubic on child’s birth weight, dummy for the presence of a father figure in the household at age 4, race and age dummies, and year and state of residence at age 4 effects. ”Control Mean” is the mean outcome among observations just above the cutoff (at most 25% above the cutoff). Marginal effects for discrete outcomes in italic. Robust standard errors are reported in brackets clustered at state-year at age four level. * significant at 10%; ** significant at 5%; *** significant at 1%.



Observations



1[HS Eligible at 4]



Sample



(2)



(1)



Table 4: Reduced Form Estimates: Effect of Head Start. Dependent Variable: Global Summary Index.



Table 5: Reduced Form Estimates: Ages 12-13 (sample: males). (1)



(2)



(3)



(4)



(5)



Control Mean



N



ITT



Marginal Effect



RW p-v 


Behaviors Drug Use



0.156



1,268



0.118 [0.189]



0.027



No



Overweight



0.198



1,242



-0.379** [0.165]



-0.095



Yes



Grade Retention



0.286



1,285



-0.243 [0.161]



-0.079



No



Alcohol Use



0.467



1,289



-0.249 [0.160]



-0.085



No



School Damage



0.143



1,209



0.0334 [0.161]



0.008



No



Ever smoke



0.359



1,281



-0.146 [0.160]



-0.048



No



Special Education



0.239



1,254



-0.250 [0.169]



-0.075



No



BPI



0.654



1,211



-0.274** [0.125]



Health Health requires use sp. equip.



0.0938



1,111



-0.777*** [0.287]



-0.101



Yes



Health requires freq. visits to doctor



0.190



1,273



-0.323* [0.184]



-0.083



No



Health requires use of medicines



0.207



1,251



-0.214 [0.179]



-0.056



No



Health limitations



0.0683



1,115



-0.168 [0.216]



-0.028



No



Cognitive PIAT-M



0.047



1,197



0.027 [0.100]



No



PIAT-R



0.156



1,196



-0.238* [0.133]



No



PIAT-RC



-0.161



1,181



-0.144 [0.113]



No



marginal effect



Yes



Note: Probit (OLS for BPI, PIAT) estimates. Controls excluded from table: cubic in log family income and family size at age 4, an interaction between these two variables, cubic in log of average family income and family size for ages 0-2, interaction between these two variables, cubic on child’s birth weight, dummy for the presence of a father figure in the household at age 4, race and age dummies, and year and state of residence at age 4 effects. ”Control Mean” is the mean outcome among observations just above the cutoff (at most 25% above the cutoff). Marginal effects for discrete outcomes in column (4). Robust standard errors are reported in brackets clustered at state-year at age four level. * significant at 10%; ** significant at 5%; *** significant at 1%.
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45 0.136



-0.099



Ever Sentenced



CESD



1,053



1,165



1,214



1,167



1,213



904



1,167



1,080



-0.333*** [0.108]



-0.076 [0.164] -0.092 [0.193]



-0.234 [0.192]



0.206 [0.169]



0.093 [0.172]



-0.471** [0.191]



0.070 [0.229]



ITT



(3)



-0.018



-0.023



-0.046



0.070



0.033



-0.118



0.009



Marginal Effect



(4)



Yes



No



No



No



No



No



Yes



No



RW p-v 


(5)



Note: Probit (OLS for CESD) estimates. Controls excluded from table: cubic in log family income and family size at age 4, an interaction between these two variables, cubic in log of average family income and family size for ages 0-2, interaction between these two variables, cubic on child’s birth weight, dummy for the presence of a father figure in the household at age 4, race and age dummies, and year and state of residence at age 4 effects. ”Control Mean” is the mean outcome among observations just above the cutoff (at most 25% above the cutoff). Marginal effects for discrete outcomes in column (4). Robust standard errors are reported in brackets clustered at state-year at age four level. * significant at 10%; ** significant at 5%; *** significant at 1%.



0.688



0.669



Health Status



Ever Sex



0.612



Birth Control



0.108



0.230



Overweight



Ever Drunk



0.914



N



Control Mean In High School



(2)



(1)



Table 6: Reduced Form Estimates: Ages 16-17 (sample: males).
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0.567



0.284



0.112



0.462



0.817



Birth Control



Ever Sentenced



Idle



Ever in College



Ever worked



922



948



874



943



765



943



-0.162 [0.219]



-0.052 [0.175]



-0.525** [0.250]



-0.402** [0.200]



0.125 [0.197]



0.282 [0.189]



ITT



(3)



-0.042



-0.018



-0.090



-0.114



0.045



0.090



Marginal Effect



(4)



No



No



Yes



Yes



No



No



RW p-v 


(5)



Note: Probit estimates. Controls excluded from table: cubic in log family income and family size at age 4, an interaction between these two variables, cubic in log of average family income and family size for ages 0-2, interaction between these two variables, cubic on child’s birth weight, dummy for the presence of a father figure in the household at age 4, race and age dummies, and year and state of residence at age 4 effects. ”Control Mean” is the mean outcome among observations just above the cutoff (at most 25% above the cutoff). Marginal effects for discrete outcomes in column (4). Robust standard errors are reported in brackets clustered at state-year at age four level. * significant at 10%; ** significant at 5%; *** significant at 1%.



0.669



N



Control Mean High School Diploma



(2)



(1)



Table 7: Reduced Form Estimates: Ages 20-21 (sample: males).



Table 8: Sensitivity Analysis. Dependent Variable: Global Summary Index (sample: boys). Ages



Basic



(1) 12-13



(2) 16-17



(3) 20-21



Panel A: Functional Form 0.313** 0.266** 0.194 [0.128] [0.121] [0.139]



No pre-HS age controls



0.301** [0.126]



0.257** [0.123]



0.154 [0.137]



All controls



0.412*** [0.139]



0.296** [0.134]



0.189 [0.160]



Quadratic



0.304** [0.127]



0.254** [0.122]



0.188 [0.138]



Quartic



0.328** [0.128]



0.268** [0.127]



0.199 [0.143]



[50% − 150%]



Panel B: Trimming around cutoff 0.291* 0.174 0.208 [0.148] [0.136] [0.160] 826 778 586



[25% − 175%]



0.356*** [0.132] 1,188



0.227* [0.129] 1,133



0.213 [0.145] 876



[15% − 185%]



0.313** [0.128] 1,294



0.266** [0.121] 1,228



0.194 [0.139] 953



[0% − 300%]



0.026 [0.105] 1,900



0.095 [0.090] 1,791



0.0686 [0.112] 1,382



1[HS Eligible at age 2]



Panel C: Eligibility at other ages -0.160 0.0311 -0.307* [0.143] [0.138] [0.165]



1[HS Eligible at age 3]



-0.0621 [0.162]



-0.190 [0.129]



-0.106 [0.159]



1[HS Eligible at age 4]



0.313** [0.128]



0.266** [0.121]



0.194 [0.139]



1[HS Eligible at age 5]



0.315** [0.146]



0.150 [0.129]



-0.0378 [0.129]



1[HS Eligible at age 6]



0.007 [0.127]



-0.151 [0.134]



-0.166 [0.146]



Note: In Panel A, ”Basic” is the specification used throughout the paper (cubic in log family income and family size at age 4, an interaction between these two variables, a dummy for the presence of a father figure in the child’s household at age 4, cubic in average log family income and average family size between ages 0 and 2, an interaction between the two, and cubic in birth weight, race and age dummies and dummies for year and state of residence at age 4). ”No pre-Head Start age controls” includes the same controls than in column (1), except those measured before age 3. ”All Controls” includes the same controls than in column (1) and dummies for highest grade completed by mother before child turned 3, maternal AFQT score, maternal grandmother’s highest grade completed and indicators of maternal situation at 14 years old (whether the mother lived in a Southern, whether she lived with parents and whether she lived in a rural area). ”Quadratic” and ”Quartic” are the same specification as ”Basic” but using polynomials up to the second and fourth order, respectively, in (log) income and family size variables. Panel B includes estimates using the same specification as table (4), but different trimming of data around the cutoff. Panel C includes reduced form results of table (4) with income eligibility measured at different ages between 2 and 6. Robust standard errors in brackets clustered at state-year at47 age of eligibility. *, **, *** significant at 10%, 5%, and 1%, respectively.



48 1,242



-1.255*** [0.328] -0.290



(3)



1,111



-1.743*** [0.101] -0.293 1,211



-0.647 [0.582]



Panel A: Ages 12-13 Special BPI Equipment



(2)



1,294



1.294*** [0.509]



Index



(4)



(6)



(7)



1,167



0.0144 [1.897] 0.004 1,053



-0.552 [0.489]



1,228



0.459 [0.497]



Panel B: Ages 16-17 Overweight CESD Index



(5)



(9)



(10)



943



-0.824*** [0.288] -0.218



874



-0.561 [1.836] -0.085



953



-0.206 [0.500]



Panel C: Ages 20-21 Ever Idle Index Sentenced



(8)



Note: Participation in program is instrumented with eligibility status at age four. Controls excluded from table include cubic in log family income and family size at age 4, an interaction between these two variables, cubic in log of average family income and family size for ages 0-2, the interaction between these two variables, cubic on child’s birth weight, a dummy indicating the presence of a father figure in the household at age 4, race and age dummies, and dummies for year and state of residence at age 4. For the discrete outcomes (overweight, use of special equipment, ever sentenced and idle) estimates obtained by bivariate probit allow for a tolerance of 0.0001 in the likelihood using the Newton-Raphson algorithm. Standard errors are obtained using the observed information matrix. The marginal effect is average marginal change in outcome across individuals as the participation in Head Start between ages 3 and 5 changes and all other controls are kept constant. For the continuous outcomes (BPI and CESD) the standard errors for the 2SLS estimates they are obtained by blockbootstrap (500 replications; the block unit is state-year of residence when child was 4). * significant at 10%; ** significant at 5%; *** significant at 1%.



Observations



Marginal Effect



Head Start



Overweight



(1)



Table 9: Estimates of structural equations.
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