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Abstract

Many papers use family fixed effects (FFE) to identify causal impacts of interventions in non-
experimental settings. Empiricists in this literature are frequently concerned with the internal validity of
estimates; in this paper we provide a detailed examination of aspects of the external validity of FFE with
a binary treatment. The FFE design induces a selection into the identifying sample that varies
systematically across families. Estimates frequently rely on identification from a small subset of the
sibling population. We show that FFE is likely to produce a LATE that overweights larger families,
departing from the overall average marginal treatment effect (AMTE) among siblings. Finally, we
examine sensitivity to specification for binary outcomes. We show that OLS is unbiased, and provide a
novel method for recovering AMTEs from Conditional Logit specifications. We apply these insights to
examine the long-term effects of Head Start in the PSID, utilizing an expanded dataset of outcomes up
to age 40 to update Garces, Thomas, and Currie (2002). Using FFE, we find that participation in Head
Start increases the likelihood of completing some college by 12 ppts. We estimate this LATE to be 50%
larger than the AMTE for siblings. We find no evidence of strong positive effects of Head Start on overall
economic or physical well-being. We conclude that alternative research design strategies should be
pursued to gain representative evidence about the long term impact of Head Start.
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1. Introduction

Family Fixed Effects (FFE) are frequently used to obtain causal identification of an attribute,
intervention, or policy, the “treatment” of interest. This strategy identifies causal impacts by comparing
siblings with different exposure to the treatment. The main advantage of thisapproachisthat itallows
researchersto eliminate family-level correlates of treatment, which may be a concern forestimation.
However, since within-family decisions may still be endogenous, FFE are typically employedin

estimation when stronger experimental or quasi-experimental research designs are not available?®.

Thisresearch design has been a key source of identification of the impact of Head Start, or
federally funded preschool (Currie & Thomas, 1995; Garces, Thomas and Currie, 2002 (hereafter GTC);
Deming 2009). Head Start has a budget of $8.6 billion dollars and enrolls over 900,000 children annually,
the equivalent of about 60% of the numberof 3 and 4 year old childrenin poverty (Carneiro & Ginja
2014).%2 A growing body of research credits Head Start with having positiveimpacts on economicand
non-cognitive outcomes of participants measured in adulthood, giving credenceto continued support of
the program (see Gibbs etal., 2013 fora review). Nonetheless, there remains an ongoing debate
regarding the effectiveness of the program, which raises the stakes for estimation of the program’s

impact.

The internal validity of FFE estimates form afocus of this empirical literature. Potential threats

to this claiminclude measurement error, within-family selection into treatment, and sibling treatment

1 This empirical strategyis pervasivein the Head Start literature, (Currie & Thomas 1995, 1999, Garces, Thomas, and Currie
2002, Deming 2009, Currie & Neidell 2007, Bauerand Schanzenbach (2016)). It has also usedto estimate the impact of other
publicpolicies, induding public housing assistance (Anderson et. al. 2016), the WIC program (Rossin-Slater 2013; Currie and
Rajani2014), as well as the causes and consequences of early-life health (Abrevaya 2006; Almond et. al. 2005; Black et. al. 2007,
Figlio et.al.2014;and manyothers).

2See Gibbs et. al. (2013) foran overview of the program, including programmatic details. Statistics on Head Start enroliment
available at http://eclkc.ohs.acf.hhs.gov/hslc/data/factsheets/2014-hs-program-factsheet.html
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spillovers3. Ourfocusin this paperis across-family selection into “identifying variation” when the
treatmentis binary, which hasimplications for the external validity of FFE.* Because this method
requires within-family variationin treatment, the FFE designinduces aselection (atthe level of the
family) into the identifying sample. We raise two implications of this for the number of identifying
observations and the average treatment effectin the discussion thatfollows. The empirical literature to
date also focuses onthe OLS/Linear Probability Model. We examine OLS performancein comparison to

Logit specifications.

The firstimplication of the FFEselectionintoidentifyingsample isareductioninidentifying
variation. Itis well knownthatinsucha designthe impact of the binary Head Start variable isidentified
by “switchers:” families in which some children attend Head Start while others do not. This necessarily
reduces the amount of variation available, but how substantially this variation is reduced may be
underappreciated. Forexample, in oursample of 5,355 children with siblings, only 1,098 childrenreside
in “Head Start switching” households.> Further, we show that the loss of sample variationis
systematically related to observables—itis lowest for families whose probability of treatmentis closest
to 0.5, and grows as treatment probabilities approachQor 1. Thereisalsogreaterloss for smallerfamily
sizes. This can have important differential selection effects within an overall sample. Forexample,in
the PSID data from our application, we lose 93% of the sibling sample for white children, but only 62% of

the sample forblack children.

Second, we show that the family fixed effects design has a meaningful change in the types of

families thatidentify treatment effects. The LATE obtained by this approach is based more heavily on

3See e.g.BoundandSolon(1999).

4While we focus on Family FE research designs, the |essons will also a pply to other short-panel designs

5We are byno means the first to raise this point. Indeed, Currie and Thomas (1999) present a similar breakdownintheir
analysis of Head Start’s impact on Hispanic Children. Footnote 7in that papersuggests a reductionin sample size from 750
children to 222 in “Head Start switching families”. Anderson et. al. (2010) alsoindude the counts of children in switching
families in theiranalysis.
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largerfamilies, due to the fact that “switchers” are much more likely to occur in families with several
children. Forexample, in our settingindividuals with 3siblings make up just 11% of the overall sample,
but they comprise nearly 18% of the “switchers” sample. We also find suggestive evidence that the
effect of Head Start varies by the number of siblingsin the family. Thus, the FFE treatment effect which
isa weighted average of these LATEs is no longerrepresentative of siblings, letalonethe population of

Head Start participants.

The intuition for the change inidentifying variation is not specificto FFE; any estimator can shift
relative weights across this heterogeneity (in addition to throwing out bad variation). To our knowledge,
thereisno discussion of the change in complier, “switcher”, characteristics forthe FFE LATE, althougha
growing literature develops thisideain the IV/LATE context (Angristand Fernandez Val 2014).6 We
suggest a combination of methods foraddressingthis. Fortransparency, the difference between FFE
estimates and OLS should be decomposed to distinguish between the change resulting from deviations
inthe identifyingcomplier population and the change in the identifying variation. Further, FFE
treatment effects should be reweighted of estimates to account for differencesin complier
characteristicsin FFE, similarto Angristand Fernandez-Val (2014). We find that half of the difference
betweenthe ordinary least squares (OLS) and fixed effects regression may be attributable to this LATE

among “switcher” families.

Third, we considerthe sensitivity of FFE estimates to model choice when the outcome is binary
(suchas high school completion). Ouranalysisis motivated by the fact that the OLS linear probability
model (LPM) is ubiquitousin the FFEempirical literature, despite the fact that this model uses more
observations compared with nonlinear fixed effects models (such as Logit and Probit). This discrepancy

arises because non-linear models only use observations with within-family variationin the outcome. As

6 Loken etal (2012) discussreweightingof in context of nonlinear treatment-response relationship
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a starting point for the sensitivity analysis, we present anew method to recover AMTEs followinga
Conditional Logit estimation, using asecond-step Random Effects Logit estimation. Monte Carlo
simulationsindicate that LPMmodels perform wellin this setting. Simulations also show that logit
models produce comparable AMTE results when either family-level covariates are a sufficient proxy for
unobserved family characteristics within the logit model (Mundlak approach) or when ourtwo-step

estimationis used to obtain AMTE from the conditional logit model.

Based on these findings we propose new standards for practice when presenting results using
similarresearch designs. We argue that best practice should employ the following steps: (1) clearly
show not only total sample size, but additionally samplesize when limited to “switching” families (and
alsofor relevant subsamples within the data); (2) show how the family-size distribution compares
between the “switching sample” and the overall sample; (3) if using a Logit or Probit model forbinary
outcome variables, additionally show the sample size based on “switching” families in both the
dependent, left-hand-side (LHS) and independent, right-hand-side (RHS) variable; (4) consider showinga
diagnosticgraph alongthe lines of our Figure 2; (5) when facing binary outcome variables, show
sensitivity to parametrization of the LHS model, such as LPM vs. our two-step procedure; (6) considera
“reweighting” of family-size OLS specificestimatesto show the impact of the change in LATE when

moving from OLS to FE models, alongthe lines of our Table 12.

In the second part of our paper, we presentresults onthe long runimpacts of Head Start using
data fromthe PSID. Relative to priorevaluations of Head Start using FFE and the PSID, we use a sample
three timesaslargein size, includelongerrun (up to age 40) outcomes, and expand the set of outcomes
underconsideration. Usingthe expanded sample, one of our principal findings echoes the results of
priorstudies: Head Start enrollmentis associated with long-run improvements in college-going (GTC,

Deming 2009). We estimate that Head Start leadsto an 12 percentage pointincrease in the likelihood of



attending some collegefor white children.” This effectis remarkably stable across cohorts, indicating
that the estimate does notreflect the impact of a particular vintage of the program, and we find similar
effectsforboth malesand females. Using our reweighting approach, we estimate that the FFEis 50%

largerthan the AMTE forthe representativesibling sample.

However, in contrast to previous findings, we find no significantimprovements in high school
completion orreductionsincriminal activity. We also find no significantimpacts on several summary
indices of longrun economicand health outcomes (results suggest negative point estimates), oron
college completion. The effects are imprecisely measured, and we cannot rule out Head Start
participation leading to moderate improvements in outcomes—up to 0.2 SD increase in our summary
measure of economicsufficiency forwhites. Nonetheless, the totality of the null results standin
contrast to the sizable effects on college attendance. We interpret our findings as pointing toward
“increased uncertainty” ratherthan “zero effects” of the program: our findings should widen
researchers’ and policy makers’ confidenceintervals regarding Head Start’s effectiveness, but not

greatly change the location of center of their distribution of those beliefs.

Our study builds on a growing body of evidence that finds that the effects of Head Start are
present beyond pre-school, despite the apparentimpermanence of children’s test score gains (Gibbs et.
al.2011)8. We also contribute to a broaderliterature using quasi-experimental methods to identify the
long term effects of Head Start. Otherresearch designs have exploited asupply shock during the early
years of the program (Ludwig & Miller 2007, Thompson 2017), and regression discontinuity designs
usingincome eligibility thresholds (Carneiro & Ginja 2014). These studiesfindimprovementsin

childhood health andincreasesin educational attainment among earlier cohorts of participants, and

7Deming(2009) alsofinds increases in college attendance (6 ppts) amongblack participants.
8 Testscore “fade out” has been most convincingly demonstratedin the 2002 National Head Start Impact Study (US DHHS
2010), a large-scale randomized control trialof Head Start access (N=4,667 children).
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reductionsin behavioral problems, health problems, and obesity in later childhood and early
adolescents forlater cohorts of participants. We evaluate the effect of Head Start on longer-run
outcomesrelative to both of these studies through longitudinal tracking of individuals, whichisan

advantage over Ludwig & Miller (2007).

2. Survey of FFE Literature

As we have discussed, family fixed effects have been employed in several foundational papersin
the Head Start evaluation literature. To analyze the prevalence of this strategy more broadly, we
conduct a survey of publications from January 2000 to May 2017 insix leadingjournals that publish

applied microeconomics articles.® We include all studies that use family fixed effects as a primary or

secondary strategy.!°

Our literature review yields 33 papers. We provide descriptive statistics of these articlesin Table
1. The first panel tabulates the frequency of binary treatments and binary outcomes across the sample
of papers, the focus of our methodological insights. These forms of variables appear frequently. Nearly
two-thirds (20) of the papers have a binary treatment of interestand 13 additionally have a binary
outcome. The second and third panels show the varied topics thatappearin the sample, spanning

health, public, education, and labor fields.

The final panel of the table summarizes the distribution of sample sizes used with FFE. The
samples are frequently not limited to families with variation in the treatment variable; therefore, the
sample size inthe tableisan upperbound on the number of observations used foridentification. The

median number of sibling observationsis 3,990, or roughly 75% of the PSID sample in our analysis. Itis

9 We include the QuarterlyJournal of Economics, American Economic Review (including Papers and Proceedings), AEJ: Applied,
AEJ: Economic Policy, Journalof Labor Economics, Journal of Public Economics

10 We usethe following search terms on each journal’s website to identify relevant papers: family, sibling, twin, mother, father,
brother, sister, fixed effect, fixed effect, birthweight.
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importantto note thatthere isa high variance in sample size across samples, indicating that there is not
athreshold for FFE analyses. The bottom 25% of papers have fewerthan 600 observations, whilethe top

25% have over 200,000 sibling observations.

Figure lillustratesthe salience of this estimation strategy overtime. The top graph shows the
number of articles published in each year. It shows increasing prevalence of studies using FFEfrom 1 to
3 peryear duringthe early 2000’s, a “boom” of 6 articlesin 2009, and roughly 3 per yearthereafter. The
bottom graph shows the mean number of citations perarticle overtime using datafrom Google
Scholar.'* On average a FFE article obtains 187 citations. GTC (2002), our only observationinthatyear,

has 943 citations.

3. Family Fixed Effects: effective sample size, sample composition, and relatedissues

We now turn to the examination of three methodological issues that arise within the Family
Fixed Effects research design. Theseinclude: (1) the dramaticreductioninidentifying variation that
results fromthe family fixed effects design; (2) a meaningful change inthe types of families thatare
used to identify the effects of Head Start, shifting the focus toward larger families; and (3) sensitivity to
model choice when family fixed effects are used togetherwith a binary outcome variable. We also
illustrate the issue in the context of a particular example based on micro data. Thisexampleisdrawn
from our analysis of the impacts of Head Start in the second part of the paper. In thissection be provide
an outline of the datafor the example, with greater sample and estimation details presented in sections

3 and 4 below.

Our empirical exampleis based on a sample from the Panel Study of Income Dynamics. We use

2986 white childrenborninthe years 1954-1987. The keytreatmentvariable isadummy variable for

11 Google scholarcitations are as of May 1, 2017.



everhaving attended the Head Start programs; and the outcome variable of interestisadummy
variable foreverhavingattended some college. Important control variablesincludeadummy forother
preschool attendance, and parental and early-childhood socioeconomics controls. The coefficienton
Head Start in a cross-section regressionis 0.049 (s.e.=0.044). When motherfixed effectsare added,
the coefficient becomes0.120(s.e.=0.053). Thisresultindicatesthatthe impactof Head Start
participation on College attendance is meaningful in magnitude, and statistically significantly different

from zero?2.

3.1 Firstissue: Fewer Observations in “Switching” Families

It iswell-known that FFE identifies treatment effects from “switcher” families, the “complier”
population. Thisimplies that the ex-post effective number of observations—thatis, those that

contribute toidentifying the treatment effect—may be quite small.

We demonstrate the reduction in identifying variation by creating a visualization of the within-
family variationin Head Startinthe PSID sample. In Figure 2, we show a scatterplot of the within-family
deviationin Head Start, i.e HeadStart;—HeadStart,,, against the within-family deviation in attainment
of some college forthe white sample.* The size of each symbol isweighted by the number of students.
A striking feature of the graphis the large mass at (0,0), indicating that many families have no variation
in Head Start participation and no variationin the high school graduation of theirchildren. Moreover,
there are many additional families with no within-family deviation in Head Start, as illustrated by the

vertical alignment of large bubbles. In Figure 3we remove observations forfamilies with novariationin

12 Furtherdetails for these models canbe found insection5andtables3and 10. Here we limit presentation of details, for the
purpose of keeping the illustrative example as simple as possible.

13 Avalue of0.5along the horizontal axis, for example, means thata personwentto Head Startina familywhere half the
children attended Head Start. Values otherthan0.5and-0.5 are possible because not all families have justtwo children. Values
of-0.5and 0.5are also possible in familieswith more than 2 children, if equal numbers of children participated as did not. A
value of -0.75 means thata persondid not go to Head Startina familywhere three quarters of the children did.
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Head Start to mimicthe identifying variation used to estimate the effects of Head Start. The substantial

reductioninthe number of observations, from 4761 to 211, is visually apparent.

Importantly, the reduction inidentifying observations may be unequal across subsamples of the
data. To gainintuition about which characteristics might determine switching—and hence, influence the
reductionin observations—we build asimple model of the Head Start participation decision within
families. Fornow, we assume that the probability of attending Head Startis a constant, i, such that the
likelihood of attendingis alottery within families. The probability of switching, isthen afunction of

and family size, X;:

P(HS;suiener = 1) = 1= P((Q_HS,) =0) - P(Q_HS;) = X,)

=1-(-x)" ="

Figure 4 graphs the relationship between P(HS; syitcher = 1) and 1t for familieswith 1, 2, 3, 4, or 5
children. It shows that the probability of switching has aninverse-U-shaped relationship with i, and that
for a givenlevel of i, the likelihood of beingin a switching family isincreasing with X. The markerson
the graph show the observed probability of Head Start and likelihood of beingin aswitching familyin
the PSID. As in the stylized model, the observed likelihood of switchingisincreasing with X, although the
difference in the likelihood of switchingis much smallerthan the model due to the fact that the
probability of Head Startis not independent across childrenin the data. The observed likelihood of

switchingisalsoincreasing withm, following the inverse-U.

The inverse-Urelationship between tand switchingimplies that the reductionin observations
will be larger for populations with very high and very low i, and smallerwhen mtis close to 0.5. Figure 4
shows the observed probability of Head Start attendance is much higherand closerto 0.5 forblack

families relative to white families. Consistent with this, the switching probability is largerfor black
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families. Therefore, FFE only uses 7% of the sibling sample for white children, but 38% of the sibling

sample forblack children.*

To address thisissue, we recommend that researchers should take the following steps: clearly
show not only total sample size, butalso the sample size when limited to “switching” families (and also
to do so forrelevant subsamples within the data); and consider showinga diagnosticgraph alongthe

lines of ourFigure 1.

3.2 Secondissue: “LATE” AmongSwitchers

In additiontothe smallerN, the FFE strategy induces a change inthe population that
contributesidentifying variation, the “complier” characteristics. Inthe previous section we showed that
switchingisanincreasingfunction of family size. Here, we examine the consequences of the family-size
composition of compliers for estimates. Family-size-specifictreatment effects are given by the
coefficientonthe interaction between Head Startand an indicator for family size, 6, which we assume
isheterogeneousacross X.

We furtherassume that 6, is monotonically increasingin X. While this assumptionis madein
part for convenience, we argue thatitis a reasonable extension of existing models of child investment
and empirical evidence. In particular, the classic quantity-quality tradeoff of children implies that
parental resources (time, money) perchildis decreasingin X. If Head Start serves as a substitute for
parental resources, thenits effects should be largest for children from larger families. Second,
empirically Head Start has been shown to have larger effects on children with higher endowments, who

alsoreceive greater parental investments in larger families (Aizer and Cunha, 2012). Therefore, if

14 Note that we are focusing onrace, but that this notioncanbe generalized to other family characteristic, such as SES, that
determine 7T .
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parental investments are complements to Head Start, then its effects may also be greaterforchildren

from larger families.

We now considerthe implications of family-size-based switching for the coefficient obtainedin
the cross-section and FFE. In the cross-section, the OLS estimate forthe population of siblings can be
written as a weighted average of 6,’s (Angrist and Pischke, 2009) °:

Z5x[P(HSi =1 X =x)1-P(HS, =1| X =x))]P(X; =X)
: (1)

5HS,0LS =

Z [P(Hsi =1| X¢= x)(1- P(HSi =1| X :X))]P(xf = X)

Now if we restrict OLS to families that will be included in the FFEmodel, then we obtain Js o5 resample

as:

z 5x (O-Iisi ,switcher ) P(X £ = X | HSi,switcher = 1)

z (O-fisi ,switcher ) P(X = X | HSi,switcher = 1)

5HS ,OLS,FESample —

(2)

where O-Iisi,switcher = P(HSI =1| Xf = X’ HSi,switcher =1)(1_ P(HSI =1| Xf = X’ HSi,switcher =1))
Moving to the FFE estimate, we substitute O, ¢ ford, :

Zax,FE (Gﬁisi,switcher)P(Xf =X | HSi,switcher = 1)

1) =X
e Z (O-'isi ,switcher ) P(X =X | HSi,switcher = 1)

The correlation between switching and family size can create a wedge between the estimated

average effect of Head Start for the whole sample and the switching sample (without altering the family-

15 See equation 3.3.7 on page 75 of Angrist & Pischke (2009).
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specificestimate) in two ways. First, the share of families in families with more childrenislikely to be
largerin the switching sample (thelast termin the numerator), which would tend to upweight the
estimated effect forthose families. Second, and more ambiguous, it may affect the variance of Head

Start (the first two terms of the numeratorand the denominator), which could exacerbate or counteract

this upweighting.

We now look to empirically assess the relevance of the change in sample composition fromthe
family fixed effects design for our setting. The first two rows of Table 2 are akin to the markersin Figure
4, showinga monotonicrelationship between the likelihood of switchingand family size. In the nexttwo
rows of the table, we decompose the cause of thisrelationship into two factors: differencesin the
likelihood of having all children attend Head Start, and differencesin the likelihood of having no children
attend Head Start. Theyindicate thatincreased switchingamongfamilies with three or more childrenis

dueinlarge part to beinglesslikely to have no children attend Head Start. 1®

Sinceitis now apparentthat the probability of switching correlated with family size, we turn to
considerthe implications for ourregression coefficients. Columns 1-3 of Table 3, Panel Ashow how the
probability of each of these family sizes changes going from the whole sample to the switching sample.
Consistentwith the above results, the proportion of 5+ child familiesin the switching sample is roughly
twice the proportioninthe overall sample, while the share of 3 and 4-child familiesis roughly constant.
This will tend to upweight the coefficients of 5+-child familiesin the regression. Panel B of the table

shows that that variance in Head Start is higherfor every family sizein the switching sample. The

16 Appendix Figures B1and B2 confirm and elaborate upon the relationship between switchingand familysize by
separatelylookingat switching within families from Head Start to no Head Start and vice versa. Figure B1 shows that
conditional on having the first child attend Head Start, subsequent Head Start decisions a cross children are quite similaracross
familysizes. Figure B2 instead looks at the likelihood of switchingfrom no Head Start to Head Start across children. Conditional
onnothavingafirstorsecondchild attend Head Start, families with 5 or more children are significantly more likelyto have a
third, fourth, orfifth child attend.
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increase isrelatively similar across family sizes, however, so the average effectis unlikely to be affected
by this. In Panel C we calculate the “A+P weights" from Equations 1and 2, which combine the inputs
from Panels Aand B. Going from the siblingsample tothe switchers sample, the A+P weight for 2-child
families declines by over 25% and the weight for 3-child families declines by 15%. On the other hand,
the weight for 5+ families nearly doubles from.134to .243, and the weightfor4-child familiesincreases

by over 25%.

We quantify the importance of the change in compliercharacteristics in two ways. Our first
approach decomposesthe change inthe coefficient estimated from OLS and FFE into a change in

identification and the change inidentification.*’

5FE - 5OLS = (5FE - 5OLS,switchers) + (5OLS,switchers - 5OLS )
Aldentification ALATE

The second optionisto reweight the FFE estimates to match the representative sibling population. This
approach issimilartothe “Late-Reweight” conceptin Angristand Fernandez-Val (2014).18 The
reweighted coefficient gives the estimated impact of Head Start for a broader population of Head Start
participants underthe assumption that the Head Start treatment effect does not vary within family size

across switchingand non-switching families. We implement this as:

Zax,FE (Cfﬁsi)P(Xf =X| HS; =1)

O .. =
FE,sibs Z(Glis,)P(Xf = Xl HSI =1)

X

17 Qur decomposition is a specialcase of Equation 13 inLokenetal (2012), which provides a general formula for the comparison
of OLS and FE estimators.

18 See equation 9 of Angristand Fernandez-Val(2014).
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Thisissue hasa meaningfulimpact on the coefficients we estimate our dataexample. Forthis
sample, the OLS coefficient on Head Start is 0.049 (se=0.044), and the fixed effects coefficientis 0.120
(se=0.053). When we examine how the coefficient on Head Start varies by family size, we find different
effects, with largerfamilies showing greaterreturns. Taking the cross-section family-size-specific
coefficients and re-weighting by the fixed-effects regression weights, we obtain aweighted coefficient
of 0.069. So approximately 1/3 of the change from OLS to FE is driven by the change in LATE weights;
with the other 2/3 driven by change inidentifying variation. Reweighting the FE coefficients by the
sibling weights produces a coefficient of 0.08. Thisimplies thatthe LATE is 50% largerthan the AMTE for

the sibling population. We present thisexample in greaterdetailin Section 5and Table 10 below.

Our recommendation to practitioners using family FEmodelsis to show how the switcher
sample comparestothe overall sample in terms of the distribution of family size, and in terms of the
distributioninterms of the regression weights. We also recommend thatresearchers also explore are-

weighting exercise alongthe lines presented above.

3.3 Thirdissue: Functional form specification for FFE with Binary Treatmentand Binary Outcome

Variable

The third issue we consideris potential sensitivity to functionalform modeling assumptions. For
binary LHS variables the usual choice of specifications includes Linear Probability Model, Logit, and

Probit. Inthe cross-section setting, the conventional wisdom s thatthe choice amongthese optionsis
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fairlyinnocuous, especially when the objective is to recoverthe AMTE®. There are some complications

in panel settings, especially when facing a short-panel such as found in the family fixed effects design.

3.3.1 Specification choices

Empiricists commonly employ an LPMspecification to estimate family-FE models. We speculate
that thisis motivated by (1) the intuition (carried over from the cross-sectional case) that LPMmodels
usually recoverthe AMTE??; (2) the benefitthatthe incidental parameters problem does not pollutethe
main parameters of interest??; (3) computational ease (especially when paired with other complications
to the research design such as many fixed effects, instrumental variables, etc.); and (4) the fact that the

estimated coefficient By directly gives the estimate of the AMTE.

It isimportantto note that obtaining AMTE from a non-linear specificationis notonly less
common, butalso less straightforward?2. In particular, the conditional logit model?3, which consistently
estimates by conditioning onthe number of successesinafamily, does not have a paired method for
obtaining treatment effects. To obtain AMTE, Wooldridge (2010, section 15.8) recommends the
inclusion of the Chamberlain-Mundlak controls, family-means of control variables, rather than directly
controlling for fixed effects (Mundlak, 1978; Chamberlain, 1980).%* We believe that empiricists' use of

these optionsisuncommon;in oursample of 19 papersdiscussedinsection 2.1these methodsare not

19 Angrist and Pishke (2009, pg. 107), Wooldridge (2010, section 15.6). In contrast, Cameron and Trivedi (2005, pg. 471)
recommend limiting LPMs to exploratory analysis.

20 We are not aware of systematic exploration of whetherthe good properties in (1) easily transferto the short-panel case.
Textbooktreatments generally state that things should be fine (Wooldridge, 2010, pg. 608; Cameron & Trivedi, 2005, pg. 471),
butsometimes (asin Cameron & Trivedi) caution against LPMif the goal is to make predicted probabilities forindividual
observations.

21 See Chamberlain (1980). Be cause this inconsistencyis based on the panellength being fixed, the problem may be especially
acute forshort panels such as found in family fixed effects models.

22 See Wooldridge (2010, section 15.8) for a discussion of non-linear s pecifications.

23 Conditional logitmodelsare alsoreferred to as logit fixed effects. See Chamberlain (1980) for more detail.

24 The traditional implementation is to model the residual variance as having ani-level random effect, hence the terminology
Correlated Random Effects givento thismethod. However, itis also possible to include the controls)?l andthenestimate
regular pooled Logit or Probit.
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used. However, these methods have the attractive properties of: (1) being easy toimplement; (2)

respectingthe LHS binary functional form; and (3) directly obtaining AMTEs.

An additional complicationis that conditional logit models also use less variation relative to OLS
LPM. With these models, forany families that are "all successes" or "all failures", the fixed effect
parameters will be driven to +/- infinity, and these families will be dropped from estimation. We referto
these as “double switchers”: families with variation in both the outcome variable and the treatment
variable. Thismeans: (1) the estimation sample can become quite abitsmaller(exacerbatingthe issues
discussedinsection 3.1); and (2) a change in specification (e.g. from LPMto Logit) isautomatically tied

to a change in estimation sample (from "RHS switchers" to "RHS and LHS switchers").

In our application forexample we see areduction from 2986 individuals in the overall "siblings
sample"to 211 individualsinthe "RHS switchers" sampleto 98 individuals (from only 27 families)in the
"LHS and RHS switchers sample". This can be seeninthe change from Figure 3 to Figure 5. The
horizontal line of observationsis lost when Logit FE models are used. Third, the OLS/LPM results will
depend onthe fraction of “LHS not switcher” observations, whereas the Logit model estimates willbe
invarianttothe numberof these non-switchers. Finally, the selectioninto “double switchers” may
exacerbate the skewing of the variation toward larger families, exacerbating the LATE changes discussed

insection 3.2.

For our simulations, we will consider estimation of LPM on the “double switcher” sample as well
as 3 ad-hocapproachesforobtaining AMTE from the conditional logit model, and introduce a 2-step

model asa new approach for obtaining AMTE’s based on conditional Logit estimation.

With a Logit B in hand, the MTE for an individual with logit-index z*is givenby MTE(z*) = B -

A(Z*)(l — A(z*)), with A(z*) the Logisticfunction. Translation of this coefficient to AMTE requires
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“representative” z*, or alternatively a distribution of values of z* to integrate over. The firstad-hoc
approach we consideris to evaluate the MTE at the average outcome inthe Logitsample: z* =

(¥;;i € Logit Sample)?s. The second ad-hocapproach recognizesthatthisignoresthe non-LHS-
switchers. Presumably these non-LHS switchers have relatively extreme values of the Logitindex. The
second approach assumesthe MTE for these observationsis 0, and “scales down” the estimate fromthe
firstapproach. The third ad-hocapproach evaluatesthe MTE at the average outcome of the OLS/LPM

sample: z* = (y;;i € OLS/LPM Sample).

The final estimator we consideris one we describe as a"two-step Logit" model. Thefirststepis
the usual conditional Logit estimator, used to obtain a consistent coefficient,[? forvariablesthat change
within-family. The second step estimates arandom effects logit model, imposing the coefficienton the
treatmentvariable (and otherindividual-level variables) fromthe first step model. The purposes of the
second step are (1) to estimate coefficients on family-level variables, so as(2) to assign an estimated
"logitindex" valueto each observation, and (3) to estimate the variance of the family-level random

effect 2. Afterthe second step model is estimated, then we estimate the AMTE using:

2|

AMTE, step RE Logit =

N
i=1

f (Bucaastare ABXip + 727 +1) - (1= A(BXyy + 727 +)) ) )
u
With ﬁ beingthe coefficients on within-family variables from the conditional Logit first step; ¥

the coefficients on family-level variables from the second step; and ¢p(u) the PDF from a normal

distribution, with variance o;2 estimated from the second step family-level random effects model. We

25 We compute standard errors forthe marginal effects to force preservation of the t-statistics from the Conditional logit
coefficients.
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have not yetfound a priorimplementation of this estimatorinthe literature; butitis similarinspiritto

the two step fixed-effects logit proposed by Beck (2015) 6.

We explore some of these models in the context of ourempirical example in Table 11. In
Column (1), we show our baseline specification from the linear probability model for the white sample?’.
Then, in Column (3) we show the results from a logit regression, with calculated marginal effects at the
mean. The logit marginal effect suggeststhat Head Startincreases the likelihood of completingsome
college by 18 percentage points, although the standard errors have more than doubled relative to the
LPM, such that the estimate is not statistically significantly different from 0. The imprecision here is
possibly driven by the few observations, which is now 1200 instead of 2987 in the LPM. Of the 1200,

only 98 individuals are in families that have variationin both Head Startand in the attainment of some

college.

In orderto separate the effects of the sample selection (into the “double switchers” sample)
from the functional form assumptions, in Column (2) we re-estimate the LPMusingthe same set of
observations fromthe logit model. Here, Head Start is estimated to increase the likelihood of
completing some college by amarginally significant 17.1 percentage points. Inthissettingwe finda
curious result: addingthe horizontal line of “0” data (column 1) leads the OLS/LPM model to be more

likelytorejectthe hypothesis of no effect!

Column 4 presents resultsfrom “scalingdown” the Column 3 estimate, assuming that the
treatmenteffectfornon-LHS switcherswas 0. The 5" column estimates the treatment effectatthe

outcome average forthe LPM sample. Thisdoes notdiffer much from Column 3. Inthe 6% columnwe

26 Beck's second stepis a Logit-Fixed-Effects (with dummies) estimator, withthe Bimposed from the conditional Logit first
stage. Thenthe estimated fixed effects are usedto obtain AMTEs.

27 In this table we employ slightly different weights thanin earlier results. We use family weights (which we constructas the
within-family average ofthe individual weights) for all spedifications here. This is because the conditionall ogit modelrequires
constant weights within a family, and we want to keep the weighting scheme fixed across s pecifications.



presentresults from our Two-step random effects Logit model. The results here (0.087) are fairly similar
to those of LPM (0.095), although the estimated standard erroris somewhat largerand this model does
not rejectthe hypothesis of no effect. Finally, we presentresultsfrom a Logit with Mundlak-type

controls. The pointestimate (0.089) is again similar, and issignificantatthe 10% level.

3.3.2 lllustrative model: analyticresults

TheresultsinTable 11 do not directly give firm guidance as to which resultis most believable.
To explore thisissue further, we first considerasimplified settingin which closed form solutions for
some of these models are readily derived. We examine the case where all families (indexed by f=1,...,F)
contain exactly twosiblings, and one of the siblings is treated while the otheris not?®. We assume no
covariates enterthe model beyond treatment status. Then each family can be fully characterized by the
pattern of outcomes amongthe siblings. We label families as "type 00" when (ys 1, y¢,) = (0,0); "type 01"
when (ys1, ¥s2) =(0,1); and so on. Within this framework any dataset can be fully characterized by the
number of families of each type: (#00, #01, #10, #11). Equivalently, adatasetcan be characterized by
the total numberof families Fand the share of families of each type: (soo, So1, S10, S11); With s0o=#00/F (and

similarly forthe othershares).

Appendix Table B1 presentsformulas forthe LPM and Conditional Logit coefficients, their corresponding
estimated standard errors, estimated MTEs, and the test statisticforthe null hypothesis of zero effect of

treatment. We alsoinclude the formulas forthe three ad-hoc AMTE forthe conditional logit model.?°

28 \We assume away considerations ofbirth order, and simplify further by labeling the first sibling as the untreated one, and the
second sibling as the treated one: (xt1, X;2) = (0,1).
29 Note thatthe average y,in the Logit estimation sample. In this case Viogit = 0.5 (because only LHS switchers are used) and

Y ATELogit,LHS—switch =025- BLogit'
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The formulasinTable B1 are derivedin the Appendix.3® We use notation sy; to represent the share of

So1

the sample thatis “type 01” (and similarly forthe othershares),and c¢sy; = forthe “conditional

So1t+S10

share” of “type 01” families amongright-hand-side switching (type 01and type 10) families. The table
showsthat fora given sample, the estimated AMTEs can be sensitive to specification choice. Thisisalso

the case forhypothesistesting.

Figure 6 furtherillustrates the differencesin estimated treatment effects across specifications.
The estimated MTEs forthe LPM estimatorare shownin bold red and the Conditional Logit "scaled
down" estimatorareinbold blue. Thisisbased on data where sq,/ s;0=2for all cases, and with F=500
families. The x-axis varies the share of "non LHS switcher" families from0to 1. Both estimation models
always have the same sign of estimated MTE, butthe "scaled down" Conditional Logit always estimates

alower MTE than the LPM.

We also show the MTE’s foralternative specifications. The top horizontal blue line shows the
results from estimatingthe LPM model on the "LHS and RHS switchersample", which will always give

. 2 : . .
the estimate of B1py LHS—switch = 373" 0.33. The middle horizontalred line show the results from

W

scaling the conditional logit by the y-barin the LHS switchersample: AMTE o g;t1.1us—switcn = 0.25

Brogit = 0.25-In G/g) = 0.173. Finally, the curved blue lineshows the results from evaluating the

conditional logitatthe ¥ p;s average outcome of the LPM sample. This graph illustrates the fact that for

any given sample, the estimated MTE can depend ssignificantly on the estimation model used.

30 Appendix constructionis in progress.
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3.3.3 Illustrative model: Monte Carlo simulation results

The previous subsection showed thatfora particular sample, the estimated results can depend
importantly on specification choice. We next considerthe properties (bias, sampling variability, and
accuracy of hypothesis testing) of the different specifications, in the context of aspecificdata generating

process (DGP).

For our simulations, the DGPs we continue with the two-sibling family setup. We assign to each
family an "index value" xf~N(ux,a,?). We also allow foran observable family variable, z¢, generated to
have variance 1 and which may be correlated with Xf, corr(xf, zf) = p. For each sibling, we assign
theirindividual index valuetobe x; r = x¢ — (Bfug stare/ 2) + Bioney stare - 1(Head Start = 1). We
set BiMe o ore = 0.2. We then assign to each individual a probability for the outcome
variable,P(y =1) = A(xif), with A(+) the Logit CDF function, and then assigning arandom outcome

y; € {0,1} to that individual.

We conduct 24 different simulations, covering all combinations of the following parameters:
Uy € {—1.5,—1,-0.5,0}; 0, € {0.5,1}; and p € {0,0.75,1}. Ineach simulation we have 400 families, and
we run 2000 MC reps per model. Results are fairly similaracross simulations, and so for brevity we

presentresultsforonly one.

Table 4 presents the results of oursimulation for one of the models, with u,, = 0, g,, = 1, and
p = 0.75. For each of the estimators considered, we compute the bias of the estimated AMTE, as well
as the RMSE. The LPM estimator, applied tothe overall sample, is one of the best performing
estimators, with azerobiasand a low RMSE. However, estimatingthe LPMon the sample of "LHS

switchers" produces upward-biased results (and a corresponding large RMSE).
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The treatment effects derived from the conditional logit perform unevenly, and are inferiorto
the Mundlak logit model. Column3and 4 show that calculatingthe AMTE at the Logit sample mean
outcome produces significant bias; and scalingdown toward zero for the non-switchers resultsinan
overcompensation and a negative bias. Inthis model, computing the AMTE based onthe y of the
full/LPMsample produces a modest bias (but still much largerthan that of the LPM modelin column 1).
The two-step Random Effects model does the best of all of the models based on the Conditional Logit;
butitstill hasa slightly largerbias than that of LPM. Finally, column 7 shows that the Mundlak-type logit
model performsvery well. Overall, this tableindicates that the models that produce the least bias are
the LPM and Mundlak-type Logit model. However, the two-step Random Effects model isareasonable
non-linearalternative to the Mundlak logit, and may be particularly useful if family-level covariates are

limited.

3.3.4 Discussion of Specification Choices

In this section we have examined the role of functional form modeling assumptions in family
fixed effects models. The moststriking factis thatthe specification choice (OLS/LPMversus Logit, for
example) can dramatically change the estimation sample used in estimation across the two methods.
Despite this difference, our Monte Carlo simulations indicate that these different specifications (and
samples) can recoversimilar AMTEs. However, to obtainthe AMTEs using the Conditional Logit model
requiressignificant care in going from "Logit Bs" to AMTEs. We presentanew methodtodo so-a 2-
step Conditional-Logit Random Effects-Logit model. This model performs adequately in oursimulations,

although not quite as well as OLS/LPM, or a Mundlak-type Logit.

In our literature sample, use of OLS/LPM methodsis ubiquitous. Based on the results of this

section, we recommend continued use of this method.
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4, Effects of Head Start: Data

We now turn to examining the impact of Head Start on long run outcomes, using asample of individuals
surveyedinthe Panel Study of Income Dynamics (PSID)3!. The Panel Study of Income Dynamics beganin
1968 as a survey of roughly 5,000 households and has followed the members of these founding
households and their children longitudinally. The longitudinal nature of the study allows sibling

comparisons during adolescence as well as laterinlife.

We begin ouranalysis with asample constructed asin GTC. This sample includes all black or
white individuals born between 1966 and 1977, and excludes Hispanicindividuals. Thissampleis
intended to be representative of the Head Start population during the early years of the program.32 We
provide adetailed description of ourreplication of GTCin Appendix A. Despite some minordifferences,
the two samples are qualitatively similar. The summary statistics are often within athird of a standard
deviation of each other. Moreover, the estimated effects of Head Startin this sample are similarto
those estimated in GTC. Consistentwith thatstudy, we find large and significant effects of Head Start
on the probability that whites attain some college, and large point estimates for high school graduation,
thoughin our case these are not statistically significant. However, we do not find a meaningful reduction
inthe probability of committing a crime resulting from participationin Head Start, and in fact in some
subsamplesfind an effectin the opposite direction.33* Onthe whole the replication corresponds well

with the original study.

31 |n particular, we make use of the 2011 cross-year files,and the 1968 to 2011 waves ofthe PSID familyinterview files.

32 As pointedoutin Garces et al. (2002), the number of immigrants wasmuch s maller between the years 1960-1980, such that
itis unlikelythat manyHispanicimmigrants would have benefited from Head Start.

33 However we believe thesecasesare driven bysituations where there are rather few observations identifyingthe coefficients.
As such we believe that thislack of correspondence maybe driven byvery minor (and un-diagnosable) differences in
specification and/or dataset construction. We return to this topicin more detail in section 5.
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For most of the analysesin this paper, we use a sample that substantially expands and modifies
the GTC sample. The first modificationistoinclude survey participants from the Survey of Economic
Opportunity (SEO), which added an oversample of poorhouseholds. We discuss this decisionin more
detailin Appendix A. Second, we expand the sample toincludeindividuals born between 1978 and 1987.
The individualsinthese cohorts were too young when the analysisin GTCwas performed to observe
theireducation and early career outcomes. Third, we include older siblings of all individuals, including
those born prior to 1966. These early cohorts were too old to benefit from the introduction of Head

Start, and serve as a plausible control group for the early cohorts.

In addition to modifications of the sample, we also expand the number of outcomes under
analysisinorderto gaina more extensive understanding of the channels by which Head Start affects
children’s lives. Recognizing that multiple testing of individual outcomes creates violations of standard
inference techniques, we follow the established practice of distillingthe measures to summaryindices
(see, e.g., Anderson 2008, Kling et al. 2007, Hoynes etal. 2012). Thisapproach reducesthe number of
hypothesestested, limiting concerns of multiple-hypothesis testing, and may increase the power of the

analysis (Kling et al. 2007).

We create fourindicesto capture economicand health outcomes observed forindividuals at
age 30 and 40. The “economicsufficiencyindex” includes measures of educational attainment, receipt
of AFDC/TANF, food stamps, mean earnings, mean family incomerelative to the poverty threshold, the
fraction of years with positive earnings, the fraction of years that the individual did not reportan
unemployment spell, and homeownership. The “good health index” summarizes the following

component measures: non-smoking, report of good health, and negative of mean BMI. See Table B.3 for
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descriptive statistics of the inputs to the indices.3* Note that we intentionally include both positive and
negative measures of well-beingin eachindexinorderto be able to capture bothreductionsin

undesirable outcomes as well as absolute improvements in well-being.

The process of creating each index follows the procedure described inKlingetal. (2007). In
particular, we standardize each component of the index by subtractingthe mean outcome fornon-
treated children, defined as children that did not attend any form of pre-school, and then dividing the
result by the standard deviation of the outcome for non-treated children.3* The summaryindextakesa
mean of these standardized measures. We also extract the first principal component of the
standardized variables for “economicsufficiency” and for “good health”. Laterwe use these as

alternative outcome variables.3®

Table 5 reports sample descriptive statistics forthe expanded sample we construct. For ease of
comparison with ourearlierreplication, we include means for the entire sample, the subsamples of
Head Start participants/non-participants, and for the sample of individuals with siblings. We present the
means of the analyzed outcomesinTable 6. In each of these tables, the number of observations varies
for each of the reported means; for parsimony, in the table we only reportthe number of individualsin
the sample forwhom we have information on theirattendance of Head Start®’. A full accountingof the

number of observations for each characteristicoroutcome is available in Tables B.3, B.4, and B.5.

34 The number of observations included in the table is the number of individuals with a response to the Head Start attendance
guestion;the number of observations for each reported mean is available in Table B.4.

35 Consistent with Kling et al. (2007), we generate a summaryindexforanyindividualforwhom we observe a response forone
component of the index. Missing components oftheindexareimputedas the mean of the outcome conditionalon treatment
status. Forexample, if a former Head Start participant is missingan outcome, itis imputed as the mean outcome of other Head
Start participants. Likewise for other pre-school, or non-preschool participants.

36 As alternative measures of well-being, we ge nerate four additional indices using the same four variable partitions (e conomic
outcomes at 30,40; health outcomes at 30,40) analyzedin a principal component analysis. The extra indices are created as a
weighted average of the variables usingthe weights of the first principal component.

37 The variable “everbooked or charged with a crime” wasonly collectedin the 1995 wave, andsois onlyrelevant for cohorts
old enoughto beatriskforthat outcome by 1995.
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5. Effects of Head Start: Empirical Strategy

The empirical strategy takes advantage of within-family variation in participationin Head Start

to identify the longtermimpact of the program. Following GTC, we estimate:

(1) Yim = 0.+ B;HeadStart;,, + B,OtherPre-School, + XinY + 6m + Eim

where Y, representsalong-term outcome forindividual iwith mother m. HeadStartindicates whethera
child reports participationinthe program, and OtherPre-School indicates participation in otherPre-
school (and no participation in Head Start) 3¢. The vector X;,includes alarge number of controls for
individualand family characteristics to absorb differencesin personal and household characteristics
which may be correlated with one’s participationin Head Startand long term outcomes. These controls
fallinto three broad categories: demographics, including anindividual’s year of birth, sex, race, and an
indicatorforbeinglow birth weight; family background, such as motherand father’s years of education;
and family economiccircumstances during early childhood, including an indicator for having a single
motherat age 4, 4-knot splinesinannual familyincomeforeachage0, 1, and 2, a fourth spline based
on average familyincome between ages 3and 6, indicators formother’'semployment status atagesO, 1,
and 2, and householdsize atage 4.3°6,, isa motherfixed effect which enables comparisons across
siblings with ashared mother. We estimate equation (1) using weights to make the sample

representative of the national population,*® and cluster standard errors on mother. WhenY,, is a binary

38 Thesetwovariablesareinthiswaydefinedso as to be mutually exclusive, with “neither Head Start nor other pre-school” as
the omitted category. Since Head Start onlybecame available in 1965, we recode Head Start attendance to be “other
preschool” forthe 1961 andolder cohorts.

39 Missing control variables are imputed atthe mean. We include an indicator variable for these imputed observations. This is a
more expansive set of covariates relative to GTC, which did notinclude controls for maternal employment or familyincome
priorto age3.

40 Following Garces et al. (2002), we generate re presentative population weights fromthe 1995 March CPS.
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variable, we estimatelinear probability models as a main specification and check the sensitivity of our

results to alternative models.

The coefficient of interestis B,, the impact of Head Start onlongterm outcomes compared to
no preschool.*! These coefficients take on acausal interpretation underthe assumption that within-
families, and conditional on other covariates, the child care decision across siblingsis as good as

random, and that the treatment effect does not spill overto siblings.*?

The standard test of the identifyingassumptionistolook for balance in observables across
siblings within families. Deming (2009) finds little evidence that Head Start attendance is correlated with
observable differences across siblings, which suggests that the magnitude of selection may be small. In
Table B.6, we examine the plausibility of the identifying assumption by testing the correlation between
participation in Head Start and observable pre-Head Start individual and family characteristics. For the
white sample, there are few statistically significant correlations, which suggest that the assumption may
be reasonable. Forthe black sample, participationin Head Startis correlated with agreater likelihood of
having higherincome atage 1, and lowerincome atage 2. These correlations may raise concerns that
black families may tend to send theirchildren to Head Start after a rupture in the family or afteran
income shock, which may bias the estimated effects downward.** However, given the many hypotheses
beingtestedinthistable, we acknowledge the possibility that these significant findings might be
spurious. Moreover, these results are somewhat sensitive, becominginsignificant when we drop

observations with imputed controls. We are therefore uncertain how worrying these estimates are.

41 Forcontextwe alsopresent B2in ourtables, butwe do not discussthose results.
42 See Bound and Solon (1999) fora more extensive discussion of this issue.
43 We finda similar pattern of results whenwe restrict the sample to the early cohorts observedin Garces et al. (2002). See
Table B1fordetails.
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6. Effects of Head Start: Results

We presentthe results for high school attainment, attending some college, log earnings, and crime for
the full, expanded samplein Table 7. Column (1) presentsresults forthe wholesample, column (2) for
the subset of individuals forwhom we observe siblings, column (3) adds mother fixed effects, and
columns (4) and (5) maintain the same specification and stratify by race.** We focus on resultsin

columns (3)-(5), which employ the motherfixed effects.

Overall, the resultsindicate that Head Start does not have a statistically significantimpact on
many of these longtermvariables. One notable exceptionis that we do find that attending Head Start
leadstoa 12 percentage pointincrease inthe probability of attaining some college for white children.
Though the effectsize is half of that estimated with the earlier sample, this effectis sizeableand
economically important. Participation in Head Start does not have a statistically significantimpact on
high school attainment, earnings between ages 23-25, or on the probability of not having committed a
crime. Nonetheless, theseresultsimply that Head Start shows significantlong term effects on this
measure of education. When we examine the outcome of college completion, we obtain insignificant
negative point estimates forthe pooled sample (beta=-0.033, se = 0.023), forblack children (beta=-

0.014, se =0.018), and for white children (beta=-0.058, se = 0.043).

One limitation of these resultsis that many of the estimates are relatively noisy, such that the
95% confidence intervals allow forasizeable positive impact of Head Start in spite of the small or
negative point estimate. Therefore, we seek to increase the precision of estimation by pooling together

alargerset of outcomesina summaryindex. Table 8 presents the results foreconomicand health

44 Control variablesplayanimportant roleinabsorbing observed heterogeneity, and therefore we include them in each of
these spedfications. Thisis a slightlydifferent table set up than GTCorour replication of that paper, in which we omitted
control variablesinthe first two columns.
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indices measured atage 30 and at age 40.%> The results suggest little supportfora positive longterm
effect of Head Start.*® In fact, the only statistically significant relationship is of non-Head Start pre-school
on economicsufficiency atage 30. It bears emphasizing, though, that the results are not precisely
estimated, which limits our ability to place much confidence inthe point estimates. In Section 5, we
explore potential explanations forthe lack of precisionin our estimation, and other limitations of our

findings.

Motivated by the prior findings of differential effects by gender*’, in Tables 9and 10 we look to
see whetherourmeanresults are obscuring this form of heterogeneity in oursetting. Curiously, in Table
9, we find some evidence of negative effects of Head Start among men, in particular for health and
economicoutcomes atage 40. On the otherhand, in Table 10, we find a positive and significant effect of
Head Start onthe probability that men attain some college. The effects estimated forwomen are never
individually significant, but also not statistically different from men for many outcomes as indicated by
the p-value of the difference in the table. The one exception isforeconomicoutcomes observed at age

40, where women are found to have significantly better outcomes than observed for men.

6.1 Treatment Effect variation, Family Size,and LATE

45 We show a paralleltable of results usingthe principalcomponent outcomesin Appendix Table B.7. The findings are
qualitatively similar for Head Start, and more positive for preschool.

46 Appendix Tables B.8-B.11 include regressions for the components ofthe economic s ufficiencyindexatages30and40and of
the good healthindexatages 30 and40. Consistent with the index, we find few statistically significant effects of Head Start for
these components, with the exception ofthe attainment ofsome college for whites, and the fraction ofthe last 5 years with
positive earnings atage 40 for blacks. Itis worth highlighting that we also examine the effect of Head Start on completing
college, and find no statistically significant effect.

47 An additional source of potential heterogeneityinthe resultsis the vintage of Head Start which a child attended. In Appendix
TablesB.12andB.13, we examine differential impacts of Head Start for “later cohorts,” defined as children born after 1977 (the
median inthe sample), and Appendix Table B.14 shows the results from an interaction with a linear trend in cohort, where the
trend isnormedto take on aOvalueforthe 1966 cohort. We do not find any systematic differences in outcomes across
cohorts.
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In Table 12, we show that the effect of Head Start on completing some college is significantly
higheramong white childrenin families with 5or more children.**° One possible explanation for this
heterogeneity is that children with higherinitialendowments receive greater parental investmentsin
largerfamilies, and also benefit more from Head Start (Aizerand Cunha 2012). Thisimpliesthateven
without changingthe specification from OLS to Fixed Effects, we would expect to have a larger

estimated effect of Head Startin the within-family model due to the change in weighting.*°

For thissample, the OLS coefficient on Head Start is 0.049 (se=0.044), and the fixed effects
coefficientis 0.120 (se=0.053). The discussion above raisesthe question: how much of this change is
due to “moving from bad variation (between families) to good variation (within families)”, and how
much isdue to changingthe weighting across different effectsizes? To explore this question, we
estimate both the OLS and the FE models allowing the treatment effect to vary by family size. We also
compute the regression “implied weights” that link the family-size-specific coefficients to the basic
overall coefficient. This allows us to perform counterfactual analyses in which we hold the family-size-
specificcoefficients fixed, but allow the composition of the sample to change. We do this for both the
OLS specification with “All Weights”, the OLS weights forthe whole sample, and the FE specification
with “Switch Weights”, the weights for the FEsample. As a bridge we also compute thisforthe OLS

specification on the sample of siblings excluding singletons using “Sib.Weights”.

In the bottom Panel of Table 12, we illustrate how the “average effect” of Head Startis affected

by this LATE, using two weighting schemes. First, we calculate the implied regression weights foreach

48 This s pecification also includes indicators for having1, 2, 3, 4, 5+, orunknown number of children.

49 Table B.15 contains the equivalent results for the whole sample.

50 To investigate whether the greaterreturns to Head Start among larger families were due to returns to other observables, we
estimated anauxiliarymodel with interactions between Head Start treatment and family size, and additionallyinteractions
betweenHead Startand asetofdummies fortercilesof an index of SES. The results indicate that treatment effect
heterogeneityis driven byfamilysize instead of the other observables.
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specification. These weights are shownin Panel columns (4)-(6) of Table B.16°1. We verify that these
weights work asintended, weighting the fixed effect coefficients by the weights for the switcher sample,
obtaining 0.123 (very close to the FE estimate of 0.12). Using these weighted averages, we can quantify
the extentto which the change in coefficients fromthe cross-section to the fixed effects specificationis
dueto a change inthe identifyingvariation ora change in the LATE. Specifically, in column 1the
coefficientincreases from 0.046°2 to 0.069 simply by altering the weighting scheme to match the
implied regression weights of the fixed effects sample. Then, moving from column 1to column 2, the
change in the identifying variationincreases the coefficient further from 0.069 to 0.123. Thus, roughly
one-third of the change in the coefficientis attributable to the change in the composition of the sample

(LATE), while the other half results from using a cleaner source of identifying variation.

Table 12 also provides the FE estimate reweighted to be representative of the sibling
population. Itindicates that the Head Startleadsto an 8.3 p.p. increase in some college attendance for

children with siblings. Thisimplies that the FFE estimate is roughly 50% too large.

Next, we examinewhether switcherfamilies differ from non-switcher families on other
dimensions of observable characteristics, focusing on the sample of white families. Table B.17 indicates
that inaddition to havinga largerfamily size, children in switcher families tend to have parents with
significantly less education than children in non-switcher families (columns 4and 5). These differences in
parental education are significant even once we have accounted for family size (columns 6and 7). We
alsosee that the familyincome during pre-school of children in switcherfamilies is significantly lower

than non-switcherfamilies overall (some of which may have too high of income to ever qualify for Head

51 Thesevaryslightlyfrom Table 3 because theyare onlyforthe white sample.
52 This weighted average of the cross-sectional coefficients (.041) differs slightly from the OLS result for this sample (.044) due
to the inclusion of additional controlsfor family size inthe formerregressions.
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Start), but significantly higherthan children that attended Head Startin non-switcher families. Similar

patterns are also presentwhen we repeatthis analysis forthe whole samplein Table B.18.

In Table B.19 we hone our comparisonsto ask whether conditionalon attending Head Start,
individuals from switcherfamilies are observably different from non-switcherfamilies. Now, the
parental education levels of Head Start attendees from switching and non-switching families are
statistically indistinguishable. However, switcher families still tend to have a significantly higher family
income during pre-school ages and to have largerfamilies (column 5). One possible interpretation of
these resultsisthat more disadvantaged families are less likely to be switchers because they are more
likely to be consistently eligible for Head Start. This may raise questions about the external validity of

estimates fromthe switchersample.

7. Conclusion

Family Fixed Effects (FFE) are frequently used to obtain causal identification of an attribute,
intervention, orpolicy, the “treatment” of interest. In this paper, we present new results regarding
across-family selection into identifying variation when the treatmentis binary, which has implications
for the external validity of FFE. Because this method requires within-family variation in treatment, the

FFE designinducesaselection (atthe level of the family) into the identifying sample.

We show that the selection into identifying variation causes has a meaningful change inthe
types of families thatidentify treatment effects. First, the number of observations used foridentification
may be significantly smallerthan the sample size typically reported. Further, the loss of sample variation
issystematically related to observables—it is lowest for families whose probability of treatmentis

closestto 0.5, and grows as treatment probabilities approach Oor 1. Second, we show thatthe LATE
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obtained by thisapproachis based more heavily on largerfamilies, due to the factthat “switchers” are

much more likely to occurin families with several children.

We also provide new results on the (in)sensitivity of FFE estimates to model choice when the
outcome is binary (such as high school completion). As astarting point for the sensitivity analysis, we
presentanew methodto recover AMTEs following a Conditional Logit estimation, using asecond-step
Random Effects Logit estimation. We compare the performance of alternative specificationsin the
context of our empirical exampleas well as Monte Carlo simulations. The resulting preferred estimators

are OLS, Logit with Mundlak-type controls, and our new two-step estimator.

The data structure and research design (family fixed effects) are notlimited to the PSIDand
Head Start. When researchersare employingafamily fixed effects design, we argue that best practice
should employ the following steps: (1) clearly show notonly total sample size, but additionally sample
size when limited to “switching” families (and also for relevant subsamples within the data); (2) show
how the family-size distribution compares between the “switchingsample” and the overall sample; (3) if
usinga Logit or Probit model for binary outcome variables, additionally show the sample sizebased on
“switching” familiesin both the dependent, left-hand-side (LHS) and independent, right-hand-side (RHS)
variable; (4) consider showing adiagnosticgraph alongthe lines of our Figure 2; (5) when facing binary
outcome variables, show sensitivity to parametrization of the LHS model, such as LPM vs. our two-step
procedure;(6) considera “reweighting” of family-size OLS specific estimates to show the impact of the

change in LATE when moving from OLS to FE models, alongthe lines of our Table 12.

In our application, we presentresults onthe long runimpacts of Head Start using data fromthe
PSID. Relative to priorevaluations of Head Start using FFE and the PSID, we use a sample three timesas
large insize, include longer run (up to age 40) outcomes, and expand the set of outcomes under

consideration. Using the expanded sample, we estimate that Head Start leads to a 12 percentage point
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increase inthe likelihood of attending some college for white children. Using our reweighting approach,
we estimate thatthe FFE is 50% largerthan the AMTE forthe representativesibling sample. However, in
contrast to previous findings, we find no significantimprovements in high school completion or
reductionsin criminal activity. We alsofind nosignificantimpacts on several summary indices of long
run economicand health outcomes (results suggest negative point estimates), oron college completion.
We interpret ourfindings as pointing toward “increased uncertainty” ratherthan “zero effects” of the
program: our findings should widen researchers’ and policy makers’ confidence intervals regarding Head

Start’s effectiveness, but not greatly change the location of center of their distribution of those beliefs.
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Appendix A: Replication of Garces, Thomas and Currie (2002).
A.1l. Summary

In this appendix we describe the results of our replication of Garces, Thomas and Currie (2002) (GTC),
which comprises the starting pointforthis project. An explanation of ourreplication strategyisinthe
nextappendix.

Table A.1 below shows the summary statistics for our preferred specification, which can be
comparedto Table 1 of GTC, included as Table A.2. In general, the results across the two tables are
similar, albeit notidentical. The most notable difference isthat we find alower share of respondents use
Head Start, although the difference is smallerforthe siblingsample. The shares of respondents who
graduate high school and college are higherin our sample thanin GTC. We report average earnings from
age 23-25 in nominal terms aswell as adjusted to 1999 dollars. Ouradjusted earnings are consistently
higherthan GTC's reported adjusted earnings, but our unadjusted earnings are quite closeto theirmean
adjusted earnings. We suspect that GTC may have reported unadjusted earnings, although itisalso
possible thatthe discrepancyisdue toaslightly larger sample of individuals with earnings in GTC's
sample. Again, the number of observations we reportin the final row of the table is based on the
number of individuals responding to the Head Start participation question.

Our mainresults are our replication of GTC's Table 2. Note that in each of the regressions we
clusteralongthe family identifierin column 1, as opposed to by common mother, because notall
observations have amotheridentified. We clusteron motherforthe rest of the columns. Table A.3
below shows the regression results.

Our regression results are qualitatively similar, especially forthe larger samples (panels A, B, and
C). GTC found few statistically significant results, one of which was a negative effect of Head Start on
high school completion before including controls. We, too, find this negative and significantresult,
though ours is slightly smaller. The resultin Column (6), which GTCfind to be positive and significant, we
do notfindsignificant. Ourresults forthe college outcomes are aligned with the findings in GTC. The
magnitudesthat we reportare not statistically different than GTC and in particular we replicate the key
finding that Head Start influences college going for white children and not forblack children. Our
replication of Panel Cis qualitatively similarto GTC. We do not find a statistically significant decrease in
black crime rates as GTC do®3, although our point estimates are consistently negative for blacks.
Otherwise, our estimates are quite imprecise and not statistically different than GTC's.

Our earnings results (panel Creplication) are quite different than GTC, butthis may be due to
differencesin how we defined earnings ratherthan differences in oursamples. Thisis apparentinthe
fact that we have many fewer observations than GTC beginning from column 2 onward, about 24%
smallerincolumn 2 and 48% smallerin column 8.

A.2. Replication Methodology

Note: thingsto check are highlighted. There are some smallertables here, too, sowe’ve justincluded
snapshots of them.

53 To be consistent with the later analyses, we analyze effects on the likelihood of not having committed a crime, and therefore
should be compared with the coeffidents in Panel D of GTC multiplied by negative one.



The purpose of thisappendix isto documentthe process of replicating Garces, Thomas and
Currie (2002) (GTC) for future scholars wishingto repeat oursteps and as a jumping off point forthis
work exploring the long term effects of Head Start. This appendix describes three stages of the
replication: construction of the dataset, iterations to identify the likely variable definitions, and our final
decisions based onthese iterations. We also furtherinformation about the mechanics of downloading
the data and the variables we use.

A.2.1 Construction of Dataset

We begin by assembling data from the Panel Study of Income Dynamics (PSID), a nationally
representative longitudinal dataset thatformsthe basis forthe analysisin GTC. The PSID consists of the
survey responses of household heads and their wives, which compose the annual household-level
datasets (“family files"), as well as a smaller database of responses of all individuals in the household to
a small set of questions (" "crossyearindividual files"). We merge the family files to the cross-year
individualfiles usingthe “case id”’ number, whichis present both on the individual and family files. We
also merge responses of anindividual's motherand father fromthe crossyearfile for those individuals
whose motherorfatherhave beenidentified in the PSID crossyearfile.

Theresultisa datasetwith 71,285 individual observations, each of which contains the personal
responses of anindividual overtime, the responses (usually given by the head of household) to the
family interview questions for each year, and the responses of an individual's parents to the crossyear
survey. The base datasetincludesthe Survey of Economic Opportunity “poverty oversample" and the
Latino oversample, two populations specificallytargeted by the PSIDin orderto improve the
representativeness of the survey.

Next, we construct the variables needed to define oursample. GTC delineate the specifications
for theirsample throughout the paper, andin particular we rely on theirdescriptionsin Section lland
footnotes4and 7. Akey stratifyingvariable in GTCisrace, whichis also a limiting factorforthe sample
size since the GTC sample isrestricted to only blackand white individuals (see footnote 4 of GTC).
Unfortunately, the PSID does not assign arace to each individual, so race must be imputed fromthe
annual family responses about race. Specifically, the PSID surveys families about the race of the head
and wife of the head of household, soanindividual's race can only be identified if that individual
becomesahead of household or his wife. Otherwise we mustinferthe race of the individual through
theirrelation to the head of household or his wife. The process of identifying race from the responses of
otherfamily members canbe done at any age and from a variety of different family members, sowe
have experimented with using more and less restrictive definitions. We establish five definitions of race
based on the relations through which we allow inference and the survey years over which we make the
inference. These definitions are summarized overthose two dimensions below in Table A.5.

We also exclude the Latino oversample in accordance with GTC's footnote 4.°*

The second limiting criterionis the age of individuals. GTCinclude respondents aged 18 and over
in 1995, whichresultsina sample of respondents born between 1965 and 1977. They exclude the 1964
and 1965 cohorts. Since this sample restriction can be defined and replicated in afew different ways
with PSIDvariables, we develop three candidate limitations on age and year of birth for individualsin
our sample. We describe the criteria which definethesealternative candidatesin Table A.6.

54 GTCfootnote 4 states that “"'we have excluded Hispanics from thisstudy".



The third criterionistoidentify sets of siblings within the remaining sample that comprise the
“siblings subsample." Since the identification strategy relies on the inclusion of amotherfixed effect,
we define siblings as any two individuals who satisfy the race and age criteriaforthe sample and have
the same unique motheridentification number. The motheridentification numberisacombination of a
family identifierand a personal identifying number which is assigned by the PSID. Individuals that do not
have a motheridentification numberare excluded from the sibling subsample.

Next, we flag observations from the SEO poverty oversample with the intention of excluding
themas GTC do.>* We ultimately do not exclude these observations because comparisons of the sample
statistics with and without the SEO sample make us speculate that the resultsin GTC were generated
froma sample thatincluded the SEO sample.

We construct sample weights using CPS weights to make the sample representative of the 1995
white and African-American populations.>® Specifically, we collapsed the 1995 CPS weights to age-race-
sex cells (yearof birthis not available) and merge the cell weight onto each observation of oursample.
Then, we divide the cell weight by the number of individuals in that age-race-sex cell who are in our
sample and the resultingindividual weightis what we use forour analysis.

A.2.2 Search foridentical dataset construction

As mentioned previously, the sample construction criteria are clearly documented in GTC. For
some dimensions, we could think of afew ways to define variables and samplesinaccordance with their
descriptions. Therefore, we conducted tests to determine the procedures that would yield a dataset
consistent with GTC, as well asto assess the stability of the results.

Our searchiterations hinge on four parameters: inclusion or exclusion of the SEO oversample;
the algorithm foridentifyinganindividual's race; the criteriaforage; and the orderin which we dropped
observations and weighted the sample. Forthis last parameter, we weighted the sample before
droppingthe Latino oversample as well as after. We do not present the results for the variations on this
final parameterbecause the exercise clearly indicated that dropping the Latino oversample best
matched GTC's results regardless of how the first three parameters were defined.

Table A.7 below shows the results of ouriteration of the summary statistics results foraselect
set of variables. Our goal was to match the resultsto Table 1 in GTC, reproduced on the first row of the
table. The numberof observations we reportisforthe variable for Head Start participation, although
some variables have fewer observations. Forexample, over half the observations for the income
variable are missing. GTCalsoreportone N for each column, although they also likely had fewer
observations forvariables likeincome.>’

Our sample is weighted based on race, gender, and age variables fromthe CPS, so we expect
that the meanvaluesforthe weighted PSID sample should be similarto the CPS means. We include the
CPSmeansforthe three variables asa comparison. The definitions forage and race are as describedin
the previous section.

55 See GTCfootnote 4.
56 GTCdescribeintheirfootnote 4 thatthe weights are ““constructed so that the joint distribution of race, sex, and year of birth
in oursample matches the joint distributionin the 1995 CPS."
57 See GTCfootnote 15.
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There are a number of conclusions we draw from this table. First, we speculate thatthe 25.17
percentblackreportedin GTC s, in fact, 15.17 percent, whichis much closerto the CPS means. Second,
inclusion of the SEO oversample adds approximately 1,500 observations to our sample and brings us
quite close tothe size of the sample and sample meansreportedin GTC.

As we had hoped, moving fromiteration toiteration substantially changes the number of
observations, which suggest which decisions produced the sample of GTC. For example, holding SEO and
age definitions constant, moving from our conservative definition of race (2) to the liberal definition (4)
adds approximately 30to 50 observations, an approximately 1.5 percentincrease insample size. The
specification of age isalsoimportant for definingthe sample size. Forexample, the movement from row
1,1, 2 (N=3,286) to 1, 2, 2 (N=3,548) isan eight percentincrease, and the subsequent movement to row
1, 3, 2 (N=4,187) isan 18 percentincrease.

Despite the variability in samplesize, our sample characteristics are not sensitive to the
decisions along each of these dimensions. Additionally, while ourresults forthese select variables are at
times statistically different than those of GTC, we remain close to the magnitudesthattheyreport. The
race, gender, and age means are very similar across the specifications, likely on account of the
weighting. The preschool participation and high school graduation rates are nearly identical throughout,
especially whenwe include the SEO oversample. The exception to this patternis Head Start
participation. The SEO oversample increases the share of respondents who were in Head Start to close
to nine percent, whichisstill lowerthanthe 10.57 percentreportedin GTC. We were unable to replicate
this highincidence of Head Start participation throughout the iteration process, includingin iterations
not reported here.

We also performed iterations onthe regression models from GTC's Table 2. GTC conducta
similarregression foreach of four outcome variables: high school graduation, college graduation, crime,
and laterearnings. The first of these three are fairly similar: they are defined by one variable in the PSID.
In this comparison table we only show results for high school graduation. On the otherhand, compilinga
consistentvariable forearningsistrickier. Here we presentresults forone of our regressions, butin
general we were not able to replicate the findings for this outcome variable.

There are eight different modelsin GTC. The firstthree are on the full sample, the sibling
sample, andthe sibling sample with controls. The next five models use mother fixed effects: firston the
full sample, then the full sample split by whetherthe motherwas white or black, and finally forthe
subset of mothers with less than a high school education, also split by race.

Table A.8 shows a comparison of the results. We show iterations on the same three age
restrictions as above, as well asrace definitions fordefinitions4and 5 as defined in the previous section.
For eachregression the correspondingresultfrom GTCis shown on the first row.

Our regression results are qualitatively similar, especially forthe larger samples (panel A). GTC
found few statistically significant results, one of which was a negative effect of Head Start on high school
completion (resultA.1). We, too, replicate this negative and significant result, though ours are smaller.
As can be notedinresultA.4, our models using laterearnings were similarto those inthe paper. The
resultinB.4, which GTC find to be positive and significant, we do not find significant. However, all of our
replications of this result fall within the confidence intervalthey use.
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Amongour variousiterations, the results are stable. Only the resultin A.1 has a difference of
one standard error between estimates, with the rest of these results neverstraying more than halfa
standard error from each other.

Final datasetrestrictions

Givenouriteration exercises, our preferred sample definition includes the SEO poverty
oversample, uses age definition 1and uses race definition 5as explainedinthe first section of this
appendix. Our choice of age and race definitionsis appropriate forthree reasons. First, they replicate
the GTC adequately. Second, they are areasonable method foraresearcher notattemptingto replicate
findings. Third, they resultin large samples, which isimportant for additional analyses.

More on the data

We downloaded the datafiles from http://simba.isr.umich.edu/Zips/ZipMain.aspx. Table A.7.
shows the variables we downloaded:
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I Tables

Table 1: Summary of Family FE Articles

Binary Indep. Binary Dep. Both Binary Total

AEJ: Applied 7 5 4 9
AEJ: Economic Policy 1 1 1 1
AER 3 1 1 5
AER Papers and Proceedings 2 2 1 3
Journal of Labor Economics 2 1 1 5
Journal of Public Economics 4 5 4 6
QJE 1 4 1 4
Total 20 19 13 33
Common Dependent Variables
Schooling/Attainment 12
Earnings 10
Test Score 8
Birth Weight 6
Behavioral Issues/Crime 4
Height/BMI 3
Common Independent Variables
Birth Weight 4
Pre-School 3
Means-Tested Public Program 2
Death of Family Member 2
Bombing/Radiation 2
Employment/ Employment conditions 2
Observations by Sample
Siblings N Total N
pl10 428 1,212
p25 619 3,255
p50 3,990 17,501
P75 217,412 405,802
p90 1,095,863 1,582,142

Year Publication Min/Max 2002 2017




Table 2: Probability of Head Start (Any, All, None) by Family Size

2 3 4 5+  Total
Share of Family in Head Start (wr) 0.157 0.222 0.195 0.206 0.182

Share with Switching 0.121 0.202 0.242 0471 0.174
All Participants in HS in Family 0.096 0.125 0.093 0.049 0.102

No Participants in HS in Family 0.783 0.672 0.665 0.480 0.724

Observations 2003

Table 3: Composition of Sample and Weights in Regression Estimates Across Sibling, Switcher Samples
1 2 3 4 5+

A. Shares
All Sample 0.123 0.273 0.238 0.147 0.134

Siblings Sample 0.000 0.345 0.300 0.186 0.169

Switchers Sample 0.000 0.210 0.271 0.197 0.322

B. Variance
All Sample 0.089 0.104 0.121 0.127 0.132

Siblings Sample 0.000 0.024 0.050 0.059 0.068

Switchers Sample 0.000 0.085 0.166 0.197 0.223

C. A+P weights
All Sample 0.171 0.257 0.284 0.117 0.101

Siblings Sample 0.000 0.338 0.374 0.154 0.134

Switchers Sample 0.000 0.246 0.315 0.197 0.243

Observations 7372 7372 7372 7372 7372
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Table 5: Summary Statistics, New Sample Characteristics

All Head Start No Head Start Sibling Sample
Head Start 0.076 1.000 0.000 0.073
Other preschool 0.282 0.000 0.305 0.259
Fraction African-American 0.150 0.618 0.111 0.154
Fraction female 0.504 0.548 0.501 0.501
Fraction low birth weight 0.060 0.114 0.056 0.061
Had a single mother at age 4 0.112 0.296 0.091 0.103
Fraction whose mother completed hs 0.717 0.632 0.724 0.689
Fraction whose father completed hs 0.683 0.557 0.692 0.654
Fraction eldest child in family 0.368 0.341 0.371 0.339
Age in 1995 23.830 18.605 24.262 25.063
(9.84) (7.76) (9.87) (10.06)
Mother’s yrs education 11.116 10.208 11.190 10.942
(2.76) (2.32) (2.78) (2.81)
Father’s yrs education 11.238 10.159 11.314 11.076
(3.23) (2.70) (3.25) (3.35)
Family income (age 3-6) (CPI adjusted) 50339.121  28552.548 52718.519 50972.698
(35814.01) (17212.32) (36509.36) (37315.99)
Household size at age 4 4.535 4.814 4.504 4.778
(1.68) (2.06) (1.63) (1.64)
Observations 7363 1345 6018 5355

Notes: Weighted to be representative of 1995 population; see text for details. SD, in parentheses, are

omitted for binary variables. Source: Panel Study of Income Dynamics, 1968-2011 waves.



Table 6: Summary Statistics, New Sample Outcomes

All Head Start No Head Start Sibling Sample

Fraction completed hs 0.913 0.878 0.916 0.912
Fraction attended some college 0.531 0.428 0.539 0.532
Fraction not booked/charged with crime  0.899 0.889 0.900 0.898
Avg. Earnings age 23-25 (CPI adjusted) 20410 14391 20817.636 20633
(24927) (12000) (25517) (26547)
Economic Sufficiency Index at 30 0.094 -0.601 0.151 0.096
(1.03) (1.05) (1.01) (1.03)
Economic Sufficiency Index at 40 0.020 -0.532 0.053 0.025
(1.01) (0.95) (1.01) (1.04)
Good Health Index at 30 0.004 -0.558 0.050 0.017
(1.03) (1.26) (0.99) (0.99)
Good Health Index at 40 0.011 -0.486 0.033 0.015
(1.01) (1.25) (1.00) (0.96)
Observations 7363 1345 6018 5355

Notes: Weighted to be representative of 1995 population; see text for details. SD, in parentheses, are
omitted for binary variables. Source: Panel Study of Income Dynamics, 1968-2011 waves.



Table 7: Base Regressions, New Sample

All Sibs Mom FE BIk, FE Wht, FE
A. Completed High School
Head Start 0.007 -0.002 -0.011 -0.024 -0.015
(0.018)  (0.021) (0.026) (0.031) (0.045)
Other preschool -0.002 -0.008 0.036* -0.012 0.046*
(0.011)  (0.014)  (0.021)  (0.048)  (0.024)
R-Squared 0.098 0.105 0.028 0.050 0.038
Observations 7372 5361 5361 2369 2986
B. Completed Some College
Head Start 0.038 0.039 0.046 -0.016 0.120**
(0.024)  (0.029) (0.033) (0.036) (0.053)
Other preschool 0.068**  0.069*** 0.034 -0.011 0.043
(0.019)  (0.023) (0.039) (0.046) (0.047)
R-Squared 0.213 0.233 0.050 0.056 0.057
Observations 7372 5361 5361 2369 2986
C. Ln Earnings 23-25
Head Start 0.040 0.032 0.064 0.057 0.113
(0.056)  (0.066) (0.109) (0.142) (0.158)
Other preschool 0.064 0.035 0.084 0.174 0.070
(0.045)  (0.052) (0.098) (0.173) (0.110)
R-Squared 0.151 0.161 0.131 0.095 0.152
Observations 4351 3309 2726 986 1736
D. Not Booked/Charged with Crime
Head Start -0.007 -0.012 -0.008 0.028 -0.068
(0.025)  (0.031) (0.033) (0.028) (0.064)
Other preschool -0.006 0.007 -0.002 -0.022 0.002
(0.014)  (0.017) (0.033) (0.036) (0.039)
R-Squared 0.055 0.062 0.089 0.074 0.106
Observations 5005 3591 3206 1366 1836

Notes: 1098 individuals are in families that have variation in the Head Start variable (347 families),
among those for whom we observe completed education; 887 black (277 black families), and 211 white
individuals (70 white families). Crime sample limited to individuals age > 16 at the time of interview
in 1995. Regressions incorporate full set of controls from the preferred specification, which are more
extensive than those included in Garces et al. (2002).Weighted to be representative of 1995 population;
see text for details. SE clustered at 1968 family id in column 1 and at mother id level otherwise. * p <
.10, ** p < .05, *¥** p < .01. Source: Panel Study of Income Dynamics, 1968-2011 waves.



Table 8: Regression: Good Health Index, Economic Sufficiency Index

All Sibs Mom FE Blk, FE Wht, FE
Economic Sufficiency Indez, age 30
Head Start -0.147* 0117 -0.090 -0.117 -0.023
(0.043) (0.050) (0.064) (0.081) (0.102)
Other preschool 0.184***  0.181*** 0.091 0.050 0.099
(0.035) (0.040) (0.062) (0.109) (0.072)
Mean Y 0.094 0.096 0.096 -0.552 0.213
Observations 7372 5361 5361 2369 2986
Economic Sufficiency Index, age 40
Head Start -0.080 -0.071 -0.059 -0.170 -0.081
(0.066) (0.077) (0.100) (0.134) (0.125)
Other preschool 0.112* 0.085 0.043 -0.270 0.118
(0.059) (0.077) (0.107) (0.223) (0.122)
Mean Y 0.020 0.025 0.025 -0.670 0.142
Observations 4085 2845 2503 1065 1435
Good Health Indez, Age 30
Head Start -0.349***  -0.320"**  -0.148 0.024 -0.265
(0.058) (0.064) (0.143) (0.149) (0.249)
Other preschool 0.087** 0.096** 0.081 0.040 0.106
(0.038) (0.045) (0.076) (0.159) (0.084)
Mean Y 0.004 0.017 0.017 -0.357 0.074
Observations 4749 3600 3114 1150 1959
Good Health Index, Age 40
Head Start -0.201% -0.175 -0.147 0.031 -0.146
(0.118) (0.141) (0.202) (0.201) (0.393)
Other preschool 0.117 0.095 0.119 0.382* 0.038
(0.094) (0.115) (0.130) (0.210) (0.150)
Mean Y 0.011 0.015 0.015 -0.290 0.062
Observations 2228 1673 1306 511 795

Notes: Weighted to be representative of 1995 population; see text for details. SE clustered at 1968
family id in column 1 and at mother id level otherwise. The Good Health Index includes measures of not
smoking cigarettes, good self reported health and BMI, averaged over the previous 5 years. The Economic
Sufficiency Index includes measures of high school graduation, attendance of some college, no receipt of
Food Stamps/SNAP, no receipt of AFDC/TANF, average earnings, employment, and unemployment,
averaged over the previous 5 years. * p < .10, ** p < .05, *** p < .01. Source: Panel Study of Income
Dynamics, 1968-2011 waves.



Table 9: Regression: Interaction with Female (Adult Outcomes)

All Sibs Mom FE BIlk, FE Wht, FE
Economic Sufficiency Index, age 30
Males in Headstart -0.158***  -0.124** -0.069  -0.197** 0.078
(0.055) (0.063) (0.079) (0.090) (0.141)
Females in Headstart -0.138**  -0.112* -0.106 -0.052 -0.099
(0.057) (0.068) (0.074) (0.099) (0.112)
P-Value of Difference 0.779 0.892 0.662 0.148 0.252
Mean Y 0.094 0.096 0.096 -0.552 0.213
Observations 7372 5361 5361 2369 2986
Economic Sufficiency Index, age 40
Males in Headstart -0.190**  -0.179* -0.142 -0.363** -0.271
(0.084) (0.097) (0.127) (0.164) (0.184)
Females in Headstart 0.008 0.018 -0.001 -0.021 0.058
(0.082) (0.098) (0.117) (0.173) (0.140)
P-Value of Difference 0.058 0.113 0.317 0.098 0.099
Mean Y 0.020 0.025 0.025 -0.670 0.142
Observations 4085 2845 2503 1065 1435
Good Health Indez, Age 30
Males in Headstart -0.386™*  -0.310*** -0.204 -0.004 -0.361
(0.102) (0.091) (0.209) (0.218) (0.378)
Females in Headstart -0.324%*  -0.327*** -0.114 0.042 -0.198
(0.066) (0.082) (0.151) (0.159) (0.278)
P-Value of Difference 0.599 0.878 0.665 0.838 0.690
Mean Y 0.004 0.017 0.017 -0.357 0.074
Observations 4749 3600 3114 1150 1959
Good Health Index, Age 40
Males in Headstart -0.324* -0.406* -0.513 -0.672**  -1.099**
(0.188) (0.223) (0.318) (0.271) (0.480)
Females in Headstart -0.140 -0.050 0.048 0.349 0.605
(0.134) (0.159) (0.225) (0.273) (0.378)
P-Value of Difference 0.397 0.171 0.130 0.014 0.004
Mean Y 0.011 0.015 0.015 -0.290 0.062
Observations 2228 1673 1306 511 795

Notes: Weighted to be representative of 1995 population; see text for details. SE clustered at 1968
family id in column 1 and at mother id level otherwise. * p < .10, ** p < .05, *** p < .01. Source:
Panel Study of Income Dynamics, 1968-2011 waves.



Table 10: Regression: Interaction with Female (GTC Outcomes)

All Sibs  Mom FE Blk, FE Wht, FE
High School
Males in Headstart -0.010  -0.016 -0.039 -0.062 -0.043
(0.027) (0.033)  (0.032) (0.042) (0.054)
Females in Headstart  0.021 0.010 0.010 0.008 0.005
(0.018) (0.022)  (0.030) (0.033) (0.059)
P-Value of Difference  0.279 0.448 0.180 0.092 0.497
Mean Y 0.913 0.912 0.912 0.862 0.921
Observations 7372 5361 5361 2369 2986
Some College
Males in Headstart 0.024 0.010 0.053 -0.021 0.145***
(0.031) (0.038)  (0.037) (0.045) (0.053)
Females in Headstart  0.050 0.062* 0.042 -0.012 0.102
(0.031) (0.037)  (0.042) (0.044) (0.074)
P-Value of Difference  0.503 0.269 0.801 0.873 0.582
Mean Y 0.531 0.532 0.532 0.396 0.556
Observations 7372 5361 5361 2369 2986
Ln FEarnings 23-25
Males in Headstart -0.148*  -0.128 -0.180 -0.238 0.078
(0.080) (0.091)  (0.144)  (0.202)  (0.174)
Females in Headstart 0.161**  0.136 0.207 0.265 0.133
(0.075) (0.088)  (0.142) (0.171) (0.217)
P-Value of Difference  0.004 0.031 0.039 0.037 0.834
Mean Y 9.588 9.578 9.578 9.207 9.630
Observations 4351 3309 2726 986 1736
No Crime
Males in Headstart -0.028  -0.046 -0.025 0.016 -0.112
(0.042) (0.051)  (0.048) (0.041) (0.089)
Females in Headstart  0.012 0.017 0.003 0.038 -0.036
(0.019) (0.022)  (0.037) (0.035) (0.073)
P-Value of Difference  0.328 0.190 0.587 0.661 0.448
Mean Y 0.899 0.898 0.898 0.897 0.898
Observations 5005 3591 3206 1366 1836

Notes: Weighted to be representative of 1995 population; see text for details. SE
clustered at 1968 family id in column 1 and at mother id level otherwise. * p <
.10, ¥* p < .05, ¥*** p < .01. Source: Panel Study of Income Dynamics, 1968-2011

waves.
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Table 12: Cross-Sectional Regression Coefficients (Some College, White) - Interaction with Number of Children
in Family

CX FE
Head Start x 1 child family 0.169*
(0.091)
Head Start x 2 child family 0.038 -0.126

(0.079)  (0.099)

Head Start x 3 child family -0.030  0.152**
(0.087)  (0.075)

Head Start x 4 child family -0.053  0.251***
(0.100)  (0.091)

Head Start x 5+ child family 0.572***  (0.348***
(0.119)  (0.126)

Head Start x Unknown child family — -0.099

(0.108)
Observations 4258 2986
N Non-Switch/Switch
A+P All Weights 0.046
A+P Sib. Weights 0.037 0.083
A+P Switch Weights 0.069 0.123

Notes: Columns 3 and 4 show the coefficients from one regression that interacts an indicator for Head Start
with the number of children in the family and whether the family have variation in Head Start attendance.
Columns 1, 3, and 4 include controls, but not mother f.e., and SE are clustered at 1968 family id. Column
2 includes mother fixed effects, and SE clustered by mother id. The bottom rows of columns 1 and 2 show
the weighted average of the coefficients and the respective standard errors when using weights determined
by the overall distribution of families, the distribution of 2+ child families, and the distribution of 2+ child
families that have variation in Head Start attendance. The coefficient on Head Start from a cross-sectional
regression restricting to the white sample is 0.049 (se: 0.044) (0.045 (se: .044) when dummies for child
size are added). When the coefficients on child-interacted Head Start obtained in column 1 are weighted
by the implied regression weights for all/sibling/switcher families, the weighted average coefficient changes
from 0.046 to 0.037 to 0.069. By comparison, the weighted average of the column 2 coefficients using the
implied regression weights for switcher families is 0.123; and the coefficient on Head Start from the family
f.e. regression is 0.120 (se: 0.053). See text for details. * p < .10, ** p < .05, *** p < .01. Source: Panel
Study of Income Dynamics, 1968-2011 waves.



II Figures

Figure 1: Number of Family Fixed Effects Articles, Citations by Year of Publication
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Figure 2: Raw variation within Families in Head Start, Some College (GMS Sample, whites)
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Notes: Size of bubbles represents number of individuals (unweighted). Source: Panel Study of Income
Dynamics, 1968-2011 waves.



Figure 3: Variation within Families in Head Start, Some College, Remove Zero Variation in Head Start (GMS
Sample, whites)
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families. Source: Panel Study of Income Dynamics, 1968-2011 waves.



P(Switching Family)

.8

.6

4

2

Figure 4: Probability Family is in Switcher Sample as Function of w

5—child
4-child

1—child
2 4 6 8
Probability of Head Start (1)
Observed HS and Switching Probability: White/Black
2 child o A 3 child o A
4 child o A 5 child




Figure 5: Variation within Families in Head Start, Some College, Remove Zero Variation in Head Start and College
(GMS Sample, whites)
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Figure 6: Illustrative Model: Additional Comparisons of LPM and Conditional Logit TE
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IIT Replication of GTC



Table A.1: Replication of Garces, Thomas, Currie (2002) Summary Statistics

All Head Start No Head Start Sibling Sample

Head Start 0.0873 1 0 0.103
(.282) (0) (0) (.304)
Other preschool 0.266 0 0.291 0.281
(.442) (0) (.454) (.45)
Fraction completed hs 0.851 0.752 0.860 0.854
(.356) (.432) (.347) (.353)
Fraction attended some college 0.468 0.339 0.481 0.482
(.499) (.474) (.5) (.5)
Avg. Earnings age 23-25 18543.5 13361.3 18962.7 20116.3
(14929)  (12057) (15062) (17141)
Avg. Earnings age 23-25 (CPI adjusted) 20367.9 14730.7 20823.9 21734.8
(15646) (12950) (15758) (17521)
Fraction booked/charged with crime 0.0998 0.124 0.0975 0.106
(.3) (.33) (.297) (.308)
Fraction African-American 0.150 0.619 0.105 0.162
(.357) (.486) (.307) (.369)
Fraction female 0.502 0.533 0.499 0.475
(.5) (.499) (.5) (.5)
Age in 1995 23.67 23.14 23.72 23.14
(3.44) (3.5) (3.43) (3.28)
Fraction eldest child in family 0.345 0.335 0.346 0.364
(.475) (.472) (.476) (.481)
Fraction low birth weight 0.0608 0.110 0.0553 0.0560
(.239) (.314) (.229) (.23)
Mother’s yrs education 11.36 10.00 11.49 11.17
(2.58) (2.44) (2.56) (2.54)
Fraction whose mother completed hs 0.772 0.585 0.790 0.770
(.419) (.493) (.407) (.421)
Father’s yrs education 11.46 9.806 11.60 11.37
(3.01) (2.78) (2.98) (3)
Fraction whose father completed hs 0.725 0.475 0.747 0.717
(.446) (.5) (.435) (.451)
Family income (age 3-6) (CPI adjusted) 48040.3  30253.9 49699.4 48580.8
(27470) (15498) (27756) (29193)
Had a single mother at age 4 0.119 0.320 0.0998 0.108
(.324) (.467) (.3) (.31)
Household size at age 4 4.659 5.109 4.616 4.831
(1.81) (2.18) (1.76) (1.71)
Observations 3399 552 2847 1541

Notes: Weighted to be representative of 1995 population; see text for details.



Table A.2: GTC Table 1: Summary Statistics

All sample Head Start Not in Head Start  Sibling Sample
Head Start 0.1057 1 0 0.1089
(.0053) (0) (0) (.0073)
Other preschool 0.2834 0.1333 0.3011 0.2771
(.0077) (.0151) (.0085) (.0105)
Pct. completed hs 0.7660 0.6465 0.7803 0.7721
(.0074) (.0216) (.0079) (.0101)
Pct. attended some college 0.3714 0.2508 0.3859 0.3880
(.0085) (.0196) (.0093) (.0117)
Average earnings between age 23-25 - - - -
Average earnings between age 23-25 - CPI adjusted 17290 12100 17810 17310
(690) (670) (760) (1000)
Pct. booked/charged with crime 0.0969 0.1104 0.0953 0.1004
(.0051) (.00139) (.0054) (.0070)
Pct. African-American 0.2517 0.7532 0.1924 0.2285
(.0074) (.00192) (.0078) (.0098)
Pct. female 0.5149 0.5641 0.5091 0.5075
(.0085) (.0220) (.0093) (.0117)
Age in 1995 23.66 23.35 23.70 23.65
(.06) (.15) (.06) (.08)
Pct. eldest child in family 0.5311 0.5089 0.5337 0.5057
(.0056) (.0141) (.0061) (.0076)
Pct. low birth weight 0.0699 0.1040 0.0659 0.0669
(.0037) (.0124) (.0038) (.0056)
Mother’s yrs education 12.14 11.33 12.24 12.30
(.04) (.09) (.04) (.05)
Pct. whose mother completed hs 0.7037 0.5552 0.7212 0.7815
(.0078) (.0221) (.0083) (.0097)
Father’s yrs education 11.60 10.19 11.76 12.23
(.06) (.14) (.06) (.07)
Pct. whose father completed hs 0.5612 0.2638 0.5964 0.6330
(.0085) (.0196) (.0091) (.0113)
Family income (age 3-6) - CPI adjusted 46230 26620 48540 47330
(460) (580) (500) (670)
Had a single mother at age 4 0.1642 0.4035 0.1359 0.1306
(.0061) (.0216) (.0061) (.0079)
Household size at age 4 4.59 4.97 4.55 4.84
(.03) (.09) (.03) (.04)
Observations 3255 489 2766 1742




Table A.3: Replication of Garces, Thomas, Currie (2002) Regressions

All Sibs Controls Mom FE Blk, FE Wht, FE
Panel A. High School
Head Start -0.064*  -0.017 0.009 0.031 -0.017 0.093
(0.034)  (0.043)  (0.040) (0.057) (0.063) (0.092)
Other Preschool 0.082***  0.076*** 0.014 0.028 0.068 0.021
(0.013)  (0.022)  (0.021) (0.035) (0.072) (0.038)
Observations 3399 1541 1541 1541 615 923
Panel B. College
Head Start -0.027 -0.021 0.033 0.100* -0.039 0.232**
(0.035)  (0.053)  (0.045) (0.059) (0.059) (0.094)
Other Preschool 0.200***  0.219***  0.098*** 0.047 -0.062 0.059
(0.025)  (0.034)  (0.033) (0.044) (0.101) (0.049)
Observations 3399 1541 1541 1541 615 923
Panel C. Earnings
Head Start -0.139*  -0.142 -0.056 -0.041 0.427* -0.322
(0.074)  (0.108)  (0.113) (0.191) (0.245) (0.261)
Other Preschool 0.067 -0.023 -0.125* -0.013 0.286 -0.017
(0.062)  (0.072)  (0.074) (0.116) (0.448) (0.118)
Observations 2118 972 972 779 236 541
Panel D. No Crime
Head Start -0.028 0.069 -0.055 -0.086 0.065 -0.222*
(0.028)  (0.050)  (0.049) (0.070) (0.044) (0.125)
Other Preschool -0.000 -0.020 0.004 -0.046 0.059 -0.059
(0.015)  (0.019)  (0.020) (0.038) (0.052) (0.043)
Observations 3387 1537 1537 1535 614 918

Notes: * p < .10, ** p < .05, *** p < .01. Weighted to be representative of 1995 population; see text for details. SE clustered at 1968
family id in column 1 and at mother id level otherwise.



Table A.4: GTC Table 2: Regressions

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

All Sibs  Controls Mom FE Blk, FE Wht, FE Blk, l.e. HS Wht, lL.e. HS
Completed high School
Head Start -0.089  -0.075 0.006 0.037 -0.025 0.203 0.000 0.283
(0.0260) (0.035)  (0.034) (0.053) (.065) (0.098) (0.071) (0.119)
Other Preschool 0.085 0.073 0.003 -0.032 -0.056 -0.014 -0.080 -0.019
(0.016)  (0.022)  (0.021) (0.038) (0.064) (0.048) (0.077) (0.067)
Difference -0.174  -0.148 0.003 0.069 0.031 0.217 0.081 0.302
S.E Difference 0.028 0.037 0.039 0.062 0.085 0.105 0.097 0.126
N 3255 1742 1742 1742 706 1036 554 677
Attended Some College
Head Start -0.038  -0.016 0.075 0.092 0.023 0.281 0.031 0.276
(0.023)  (0.033)  (0.033) (0.056) (.066) (0.108) (0.067) (0.120)
Other Preschool 0.142 0.149 0.023 0.050 -0.007 0.095 0.022 0.0103
(0.019) (0.027)  (0.026) (0.040) (0.064) (0.052) (0.072) (0.068)
Difference -0.180  -0.165 0.052 0.042 0.030 0.186 0.009 0.173
S.E Difference 0.028 0.040 0.041 0.065 0.085 0.115 0.092 0.127
N 3255 1742 1742 1742 706 1036 554 677
In(earnings 23-25)
Head Start -0.034 0.053 0.170 0.194 0.073 0.566 0.051 1.004
(0.090) (0.116)  (0.117) (0.257) (0.321) (0.459) (0.357) (0.516)
Other Preschool 0.173 0.174 0.002 0.079 -0.087 0.146 0.124 0.136
(0.063) (0.086) (0.082) (0.171) (0.287) (0.219) (0.341) (0.306)
Difference -0.207  -0.122 0.167 0.115 0.160 0.420 -0.073 0.868
S.E Difference 0.104 0.138 0.144 0.302 0.420 0.504 0.482 0.548
N 1383 728 728 728 272 456 216 320
Booked or charged with crime
Head Start 0.023 0.041 0.012 -0.053 -0.116 0.122 -0.126 0.058
(0.018)  (0.026)  (0.026) (0.039) (0.045) (0.077) (0.050) (0.095)
Other Preschool -0.017  -0.022 -0.001 0.032 0.000 0.063 -0.023 0.147
(0.011)  (0.016) (0.017) (0.028) (0.045) (0.036) (0.056) (0.054)
Difference 0.040 0.063 0.013 -0.085 -0.117 0.059 -0.103 -0.089
S.E Difference 0.020 0.028 0.030 0.045 0.059 0.082 0.070 0.100
N 3255 1742 1742 1742 706 1036 554 677

SE in parentheses.



Table A.5: Alternative Definitions of Race

Defn. Survey Years Relation to Head (or Wife)
1995 1985-1996 Head Wife Child Parent Sibling
1 X X X X
2 X X X X X X
3 X X X X
4 X X X X X X
il X X X X X X

Table A.6: Candidate limitations on birth year and age

Defn. BirthYears Age in 1995
1966-1977 Not 1965, 1978 No Restriction >18 17-29 17-30
1 X X
X X
3 X X

Table A.7: Iterations for Summary Statistics Table

Black Female Age  Head Start Preschool High School N

GTC(2002) 0.252  0.515  23.660 0.106 0.283 0.766 3255
CPS 1995 0.150  0.505  23.686

Sample Iterations

SEO Age Race

0 1 2 0.149  0.497  22.952 0.078 0.302 0.822 1708
0 1 4 0.149  0.497 22950 0.079 0.299 0.820 1735
0 2 2 0.154 0.499 22.859 0.079 0.309 0.811 1855
0 2 4 0.154 0.499 22.857 0.080 0.306 0.809 1883
0 3 2 0.150  0.503  23.713 0.076 0.286 0.820 2173
0 3 4 0.150  0.503  23.712 0.076 0.284 0.818 2204
1 1 2 0.153  0.498  22.959 0.089 0.290 0.788 3286
1 1 4 0.1563  0.498  22.958 0.089 0.288 0.787 3333
1 2 2 0.157  0.500  22.926 0.087 0.292 0.782 3548
1 2 4 0.157  0.500  22.925 0.087 0.290 0.781 3597
1 3 2 0.150  0.503  23.710 0.082 0.276 0.788 4187
1 3 4 0.120  0.503  23.710 0.082 0.274 0.787 4244

Notes: First row corresponds to selections from Garces, Thomas and Currie (2002) table 1. Second row corre-
sponds to 1995 CPS means, as described in the text of the appendix. The next 12 columns correspond to sample
iterations on three criteria. The first is the inclusion (SEO=1) or exclusion (SEO=0) of the Survey of Economic
Opportunity sample. The three age criteria and two race criteria are explained in detail in the previous table.
Source: Panel Study of Income Dynamics, 1968-2011 waves.



Table A.8: Iterations for Regressions Table

Panel A.
HS, All HS, Sib HS, Mom FE Log Earnings, All
b se N b se N b se N b se N
GTC (2002) -0.089  (0.026) 3255 -0.075  (0.035) 1742 0.037 (0.053) 1742 -0.034  (0.090) 1383
Sample Iterations
Age Race
1 4 -0.075  (0.030) 3315 -0.035  (0.043) 1543 0.047 (0.075) 1543 -0.064 (0.106) 894
1 5 -0.071  (0.030) 3344 -0.025  (0.042) 1565 0.047 (0.075) 1565 -0.067  (0.105) 898
2 4 -0.073  (0.030) 3585 -0.034  (0.039) 1731 0.072 (0.077) 1731 -0.064  (0.104) 894
2 5 -0.067  (0.031) 3616 -0.024  (0.039) 1753 0.072 (0.076) 1753 -0.067  (0.104) 898
3 4 -0.052  (0.026) 4233 -0.046  (0.035) 2125 0.037 (0.063) 2125 -0.043  (0.092) 1132
3 5 -0.046  (0.027) 4264 -0.036  (0.035) 2147 0.036 (0.062) 2147 -0.046  (0.092) 1136
Panel B.
HS, Mom FE, Black HS, Mom FE, White HS, Mom<HS, Black HS, Mom<HS, White
b se N b se N b se N b se N
GTC (2002) -0.025  (0.065) 706 0.203 (0.098) 1036 0 (0.071) 554 0.283 (0.119) 677
Sample Iterations
Age Race
1 4 -0.030  (0.058) 625 0.133  (0.089) 898 -0.026  (0.058) 586 0.152  (0.099) 672
1 5 -0.030  (0.058) 625 0.133 (0.088) 920 -0.026  (0.058) 586 0.152 (0.098) 692
2 4 -0.028  (0.056) 702 0.181 (0.094) 1008 -0.025  (0.056) 649 0.203 (0.105) 759
2 5 -0.028  (0.056) 702 0.181  (0.092) 1030  -0.025 (0.056) 649 0.202  (0.104) 779
3 4 -0.043  (0.044) 858 0.120 (0.081) 1241 -0.045  (0.044) 797 0.136 (0.092) 961
3 5 -0.043  (0.044) 858 0.114 (0.079) 1263 -0.045  (0.044) 797 0.130 (0.088) 981

Notes: First row of each panel corresponds to selections from Garces, Thomas and Currie (2002) table 2. The three age
Source: Panel Study of Income Dynamics,

criteria and two race criteria are explained in detail in the previous table.

1968-2011 waves.



Table A.9: PSID Variables used in the analysis

Our Variable PSID Original Variable Description (derived Source
variable)
id1968 ER30001 Family identifier Indiv. Cross year
pernum ER30002 Personal identifier Indiv. Cross year
relation1968- ER30003, ER30022, ER30045, ER30069, Relation to head Indiv. Cross year
relation2001 ER30093, ER30119, ER30140, ER30162
ER30190, ER30219, ER30248 ER30285,
ER30315, ER30345, ER30375, ER30401,
ER30431, ER30465, ER30500, ER30537,
ER30572;, ER30608, ER30644 ER30691,
ER30735, ER30808, ER33103, ER33203,
ER33303, ER33403, ER33503, ER33603
caseid1968- ER30020 ER30043 ER30067 ER30091 Fam. Intervew Num- Indiv. Cross year
caseid2011 ER30117 ER30138 ER30160 ER30188 ber
ER30217 ER30246 ER30283 ER30313
ER30343 ER30373 ER30399 ER30429
ER30463 ER30498 ER30535 ER30570
ER30606 ER30642 ER30689 ER30733
ER30806 ER33101 ER33201 ER33301
ER33401 ER33501 ER33601 ER33701
ER33801 ER33901 ER34001 ER34101
ER33601
edul968- ER30010 ER30052 ER30076 ER30100 Yrs. Education Indiv. Cross year
edu2011 ER30126 ER30147 ER30169 ER30197
ER30226 ER30255 ER30296 ER30326
ER30356 ER30384 ER30413 ER30443
ER30478 ER30513 ER30549 ER30584
ER30620 ER30657 ER30703 ER30748
ER30820 ER33115 ER33215 ER33315
ER33415 ER33516 ER33616 ER33716
ER33817 ER33917 ER34020 ER34119
agel995 ER33204 Age in 1995 Indiv. Cross year
birthyr1995 ER33206 Birthyear in 1995 Indiv. Cross year
headstart1995 ER33261 Head Start Response Indiv. Cross year
in 1995
preschool1995  ER33264 Preschool Response Indiv. Cross year
in 1995
preschool1995  ER33266 Crime Response in Indiv. Cross year
1995
sex ER32000 Sex Indiv. Cross year
momid1968 ER32009 Mother’s Family ID  Indiv. Cross year
mompernum ER32010 Mother’s  Personal Indiv. Cross year
1D
dadid1968 ER32016 Father’s Family 1D Indiv. Cross year
dadpernum ER32017 Father’s Personal ID  Indiv. Cross year
birthweight ER32014 Birth weight Indiv. Cross year




Our Variable

PSID Original Variable

Description (derived
variable)

Source

crimel995 ER33266 Committed/Charged Indiv. Cross year
with Crime
parityofmom ER32013 Parity of mom (El- Indiv. Cross year
dest)

h_edul968- V313 V794 V1485 V2197 V2823 V3241 Education of Head Family Interviews
h_edu2011 V3663 V4198 V5074 V5647 V6194 V6787 (Mom, Dad Educa-

V7433 V8085 V8709 V9395 V11042 tion)

V12400 V13640 V14687 V16161 V17545

V18898 V20198 V21504 V23333 ER4158

ER6998 ER9249 ER12222 ER16516

ER20457 ER24148 ER28047 ERA41037

ER46981 ER52405
w_edul968, V246 V2687 V3216 V3638 V4199 V5075 Education of Wife of Family Interviews
w_edul972- V5648 V6195 V6788 V7434 V8086 Head (Mom Educa-
w_edu2011 V8710 V9396 V11043 V12401 V13641 tion)

V14688 V16162 V17546 V18899 V20199

V21505 V23334 ER4159 ER6999 ER9250

ER12223 ER16517 ER20458 ER24149

ER28048 ER41038 ER46982 ER52406
h_sex1968- V119 V1010 V1240 V1943 V2543 V3096 Sex of Head (Single Family Interviews
h_sex2011 V3509 V3922 V4437 V5351 V5851 V6463 mom)

V7068 V7659 V8353 V8962 V10420

V11607 V13012 V14115 V15131 V16632

V18050 V19350 V20652 V22407 ER2008

ER5007 ER7007 ER10010 ER13011

ER17014 ER21018 ER25018 ER36018

ER42018 ER47318
f_tanf1994- ER3262 ER6262 ER8379 ER11272 Family Received Family Interviews
f_tanf2011 ER14538 ERI18697 ER22069 ER26050 AFDC/TANF last

ER37068 ER43059 ER48381 year
f_fs1994- ER3059 ER6058 ERS8155 ER11049 Family Received Family Interviews
f fs2011 ER14255 ER18386 ER21652 ER25654 Food Stamps last

ER36672 ER42691 ER48007 year
h_cigs1986, V13442 ER15544 ERI19709 ER23124 Cigarettes Per Day Family Interviews
h_cigs1999- ER27099 ER38310 ER44283 ER49621 of Head
h_cigs2011
w_cigs1986, V13477 ER15652 ERI19817 ER23251 Cigarettes Per Day Family Interviews
w_cigs1999- ER27222 ER39407 ER45380 ER50739 of Wife of Head
w_cigs2011
h_wlbs1999- ER15552 ER19717 ER23132 ER38320 Weight of Head Family Interviews
h_wlbs2011 ER44293 ER49631 (BMI)
w_wlbs1999- ER15660 ER19825 ER23259 ER27232 Weight of Wife of Family Interviews
w_wlbs2011 ER39417 ER45390 ER50749 Head (BMI)




Our Variable

PSID Original Variable

Description (derived

variable)

Source

h_srhealth1984-
h_srhealth2011

V10877 V11991 V13417 V14513 V15993
V17390 V18721 V20021 V21321 V23180
ER3853 ER6723 ERS8969 ER11723
ER15447 ER19612 ER23009 ER26990
ER38202 ER44175 ER49494

Self-Reported
Health of Head

Family Interviews

w_srhealth1984-
w_srhealth2011

V10884 V12344 V13452 V14524 V15999
V17396 V18727 V20027 V21328 V23187
ER3858 [ER6728 ER8974 ERI11727
ER15555 ERI19720 ER23136 ER27113
ER39299 ER45272 ER50612

Self Reported Health

of Head of Wife

Family Interviews

f rentown1968-
f rentown2011

V103 V593 V1264 V1967 V2566 V3108
V3522 V3939 V4450 V5364 V5864 V6479
V7084 V7675 V8364 V8974 V10437
V11618 V13023 V14126 V15140 V16641
V18072 V19372 V20672 V22427 ER2032
ER5031 ER7031 ER10035 ER13040
ER17043 ER21042 ER25028 ER36028
ER42029 ER47329

Family Rents/Owns

Home

Family Interviews

h_wages1968-
h_wages2011

V251 V699 V1191 V1892 V2493 V3046
V3458 V3858 V4373 V5283 V5782 V6391
V6981 V7573 V8265 V8873 V10256
V11397 V12796 V13898 V14913 V16413
V17829 V20178 V21484 V23323 ER4140
ER6980 ER9231 ER12080 ER16463
ER20443 ER24116 ER27931 ER40921
ER46829 ERb52237

Earnings of Head

Family Interviews

w_wages1968-
w_wages2011

V76 V516 V1198 V1899 V2500 V3053
V3465 V3865 V4379 V5289 V5788 V6398
V6988 V7580 V8273 V8881 V10263
V11404 V12803 V13905 V14920 V16420
V17836 V19136 V20436 V23324 ER4144
ER6984 ER9235 ER12082 ER16465
ER20447 ER24135 ER27943 ER40933
ER46841 ER52249

Earnings of Wife of

Head

Family Interviews




IV Appendix

Figure B.1: Correlation in Head Start Attendance: Probability Child Attended Conditional on Previous Siblings
Attending
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Figure B.2: Correlation in Not Attending Head Start: Probability Child Did Not Attend Conditional on Previous
Siblings Not Attending

9
2 .
c e ST T
g 5 -
ST
2 AN
= A
o N\ /
N
g N /
I b'S N //
=
7 N /
T N\
o \ /
= ,
& \/
1 2 3 4 5 6
Birth Order

—e— 2-child ———- 3-child
..... ®---- 4-child — ~— - 5+—child




Table B.1: Analytic Formulas for Illustrative Model

OLS/LPM Conditional Logit
B 501 — 510 In($22)
se? o [(8101 + 510) — (501 — $10)°] Fctsio.
= 7 (501 + s10) + O(F~?)
Approx. t* for Hy: TE=0 \/F\jgé%% \/ I;O‘Sl‘i;lloo In($E)
TE at y So1 — S10 ln(lc_scioslm) . y(l — y)
8, LPM for “LHS switchers” 2c891 — 1 = S5

So1+S10




Table B.2: Summary Statistics, Auxiliary New Sample Outcomes

All Head Start No Head Start Sibling Sample
Inputs to Economic Sufficiency Index, 30
Ever on AFDC/TANF by age 30 0.062 0.220 0.049 0.060
Fraction of last 5 yrs on Food Stamps/SNAP, age 30 0.064 0.151 0.056 0.071
(0.20) (0.30) (0.19) (0.22)
In(mean earnings in last 5 years), age 30 9.661 9.415 9.676 9.659
(1.06) (0.91) (1.07) (1.07)
Fraction of last 5 yrs with positive earnings, age 30 0.895 0.887 0.896 0.898
(0.25) (0.26) (0.25) (0.25)
Fraction of last 5 yrs ever unemployed, age 30 0.146 0.173 0.144 0.150
(0.24) (0.27) (0.23) (0.24)
Mean Inc. Rel. Pov. in last 5 years, age 30 385.831 233.796 396.729 385.933
(305.98) (155.44) (311.18) (291.36)
Fraction completed college 0.209 0.073 0.220 0.220
Inputs to Economic Sufficiency Index, 40
Ever on AFDC/TANF by age 40 0.068 0.163 0.062 0.067
Fraction of last 5 yrs on Food Stamps/SNAP, age 40 0.043 0.098 0.040 0.043
(0.16) (0.25) (0.16) (0.16)
In(mean earnings in last 5 years), age 40 9.962 9.779 9.968 9.957
(1.15) (0.90) (1.16) (1.15)
Fraction of last 5 yrs with positive earnings, age 40 0.850 0.867 0.849 0.849
(0.31) (0.29) (0.31) (0.31)
Fraction of last 5 yrs ever unemployed, age 40 0.094 0.122 0.093 0.098
(0.20) (0.24) (0.19) (0.20)
Mean Inc. Rel. Pov. in last 5 years, age 40 436.769 281.489 443.338 434.280
(366.03) (183.89) (370.36) (361.58)
Fraction of last 5 yrs owned home, age 40 0.500 0.287 0.510 0.522
(0.44) (0.42) (0.44) (0.44)
Inputs to Good Health Indez, 30
Fraction of last 5 yrs smoked less than 1 cigarette/day, age 30 0.745 0.668 0.753 0.755
(0.41) (0.45) (0.41) (0.40)
Fraction of last 5 yrs reported good or better health, age 30 0.948 0.903 0.951 0.950
(0.17) (0.24) (0.17) (0.17)
Mean BMI in last 5 years, age 30 26.569 28.766 26.333 26.615
(6.68) (6.74) (6.63) (6.85)
Inputs to Good Health Index, 40
Fraction of last 5 yrs smoked less than 1 cigarette/day, age 40 0.738 0.714 0.739 0.728
(0.42) (0.44) (0.42) (0.42)
Fraction of last 5 yrs reported good or better health, age 40 0.919 0.871 0.921 0.922
(0.22) (0.29) (0.22) (0.22)
Mean BMI in last 5 years, age 40 27.504 30.191 27.327 27.433
(5.92) (7.42) (5.77) (5.85)
Observations 7363 1345 6018 5355

Notes: Weighted to be representative of 1995 population; see text for details. SD, in parentheses, are

omitted for binary variables.



Table B.3: N’s, New Sample Characteristics

All  Head Start No Head Start Sibling Sample
Head Start 7372 1354 6018 5361
Other preschool 7372 1354 6018 5361
Fraction African-American 7372 1354 6018 5361
Fraction female 7372 1354 6018 5361
Fraction low birth weight 5366 970 4396 4555
Had a single mother at age 4 6678 1285 5393 4672
Fraction whose mother completed hs 7231 1332 5899 5360
Fraction whose father completed hs 6596 1034 5562 4875
Fraction eldest child in family 7372 1354 6018 5361
Age in 1995 7372 1354 6018 5361
Mother’s yrs education 7223 1331 5892 5356
Father’s yrs education 6596 1034 5562 4875
Family income (age 3-6) (CPI adjusted) 6086 1145 4941 4338
Household size at age 4 6251 1187 5064 4420
Observations 7372 1354 6018 5361

Source: Panel Study of Income Dynamics, 1968-2011 waves.



Table B.4: N’s, Auxiliary New Sample Outcomes

All  Head Start No Head Start Sibling Sample

Inputs to Economic Sufficiency Index, 30

Ever on AFDC/TANF by age 30 7372 1354 6018 5361
Fraction of last 5 yrs on Food Stamps/SNAP, age 30 4186 713 3473 2805
In(mean earnings in last 5 years), age 30 4202 620 3582 3159
Fraction of last 5 yrs with positive earnings, age 30 4378 656 3722 3295
Fraction of last 5 yrs ever unemployed, age 30 4259 634 3625 3184
Mean Inc. Rel. Pov. in last 5 years, age 30 5293 891 4402 4068
Fraction completed college 7372 1354 6018 5361
Inputs to Economic Sufficiency Index, 40

Ever on AFDC/TANF by age 40 4085 613 3472 2845
Fraction of last 5 yrs on Food Stamps/SNAP, age 40 1972 250 1722 1423
In(mean earnings in last 5 years), age 40 1695 221 1474 1266
Fraction of last 5 yrs with positive earnings, age 40 1829 236 1593 1369
Fraction of last 5 yrs ever unemployed, age 40 1825 236 1589 1365
Mean Inc. Rel. Pov. in last 5 years, age 40 2152 296 1856 1613
Fraction of last 5 yrs owned home, age 40 2292 290 2002 1625
Inputs to Good Health Indez, 30

Fraction of last 5 yrs smoked less than 1 cigarette/day, age 30 2267 385 1882 1742
Fraction of last 5 yrs reported good or better health, age 30 3763 579 3184 2806
Mean BMI in last 5 years, age 30 3248 o87 2661 2528
Inputs to Good Health Indez, 40

Fraction of last 5 yrs smoked less than 1 cigarette/day, age 40 1280 182 1098 930
Fraction of last 5 yrs reported good or better health, age 40 1463 182 1281 1116
Mean BMI in last 5 years, age 40 2037 307 1730 1486
Observations 7372 1354 6018 5361

Source: Panel Study of Income Dynamics, 1968-2011 waves.



Table B.5: N’s, New Sample Outcomes

All  Head Start No Head Start Sibling Sample

Fraction completed hs 7372 1354 6018 5361
Fraction attended some college 7372 1354 6018 5361
Fraction not booked/charged with crime 5005 802 4203 3591
Avg. Earnings age 23-25 (CPI adjusted) 4866 783 4083 3675
Economic Sufficiency Index at 30 7372 1354 6018 5361
Economic Sufficiency Index at 40 4085 613 3472 2845
Good Health Index at 30 4749 791 3958 3600
Good Health Index at 40 2228 312 1916 1673
Observations 7372 1354 6018 5361

Source: Panel Study of Income Dynamics, 1968-2011 waves.



Table B.6: Regression:

Pre-Head Start Outcomes, New Sample

All Sibs Mom FE BIlk, FE Wht, FE
Low birth weight
Head Start 0.040* 0.045* -0.016 -0.018 -0.029
(0.021) (0.023) (0.026) (0.033) (0.042)
Other preschool 0.003 0.003 -0.012  -0.056**  -0.003
(0.012) (0.013) (0.023) (0.027) (0.027)
Observations 5366 4555 4500 1872 2622
Disabled
Head Start -0.006 -0.017 -0.010 -0.016 -0.006
(0.027) (0.030) (0.030) (0.036) (0.051)
Other preschool 0.018 0.018 0.021 0.032 0.017
(0.019) (0.022) (0.028) (0.049) (0.032)
Observations 3516 2955 2661 1102 1555
Single mom at age 4
Head Start 0.020 0.025 0.027 -0.007 0.051
(0.015) (0.020) (0.024) (0.022) (0.040)
Other preschool 0.022** 0.020* 0.008 0.006 0.011
(0.009) (0.011) (0.017) (0.031) (0.018)
Observations 6678 4672 4467 1939 2522
Family income (age 1) (CPI adjusted)
Head Start 0.000  -0.000*** 0.000 -0.000 -0.000
(0.000) (0.000) (0.000) (0.000) (0.000)
Other preschool -0.000"*  -0.000***  -0.000 0.000 -0.000
(0.000) (0.000) (0.000) (0.000) (0.000)
Observations 6219 4313 4023 1719 2298
Family income (age 2) (CPI adjusted)
Head Start 0.000 -0.000 -0.000 0.000 -0.000
(0.000) (0.000) (0.000) (0.000) (0.000)
Other preschool -0.000 -0.000 -0.000 -0.000 -0.000
(0.000) (0.000) (0.000) (0.000) (0.000)
Observations 6274 4391 4151 1757 2388
Mom working at age 1
Head Start 0.001 0.011 0.049 0.002 0.080
(0.018) (0.022) (0.039) (0.033) (0.073)
Other preschool -0.001 -0.002 -0.017 -0.078* -0.014
(0.013) (0.016) (0.030) (0.043) (0.034)
Observations 6219 4313 4023 1719 2298
Mom working at age 2
Head Start 0.025 0.028 -0.041 -0.008 -0.077
(0.021) (0.023) (0.040) (0.036) (0.073)
Other preschool 0.026* 0.032* 0.015 -0.013 0.017
(0.015) (0.018) (0.031) (0.044) (0.036)
Observations 6274 4391 4151 1757 2388

Notes: Weighted to be representative of 1995 population; see text for details. SE clustered at 1968
family id in columns 1 and 2 and at mother id level otherwise. * p < .10, ** p < .05, *** p < .01.
Source: Panel Study of Income Dynamics, 1968-2011 waves.



Table B.7: Regression: Principal Component

All Sibs Mom FE BIk, FE Wht, FE
Economic Sufficiency Principal Component, age 30
Head Start -0.174*  -0.140** -0.100 -0.138 -0.031
(0.058) (0.068) (0.084) (0.109) (0.128)
Other preschool 0.295**  (.285"** 0.150* 0.071 0.166
(0.051) (0.057) (0.087) (0.150) (0.101)
Mean Y 0.154 0.160 0.160 -0.731 0.321
Observations 7372 5361 5361 2369 2986
Economic Sufficiency Principal Component, age 40
Head Start -0.113 -0.093 -0.082 -0.219 -0.127
(0.090) (0.106) (0.131) (0.180) (0.155)
Other preschool 0.209** 0.173 0.091 -0.291 0.183
(0.086) (0.113) (0.145) (0.296) (0.167)
Mean Y 0.026 0.032 0.032 -0.968 0.199
Observations 4085 2845 2503 1065 1435
Good Health Principal Component, Age 30
Head Start -0.248*  -0.228**  -0.073 0.057 -0.159
(0.047)  (0.052)  (0.121)  (0.131)  (0.208)
Other preschool 0.070** 0.069* 0.063 0.033 0.083
(0.031) (0.037) (0.063) (0.137) (0.069)
Mean Y 0.003 0.013 0.013 -0.309 0.062
Observations 4749 3600 3114 1150 1959
Good Health Principal Component, Age 40
Head Start -0.143 -0.126 -0.101 0.044 -0.174
(0.107) (0.128) (0.200) (0.200) (0.400)
Other preschool 0.101 0.077 0.121 0.288 0.062
(0.089)  (0.110)  (0.104)  (0.221)  (0.117)
Mean Y 0.009 0.015 0.015 -0.259 0.056
Observations 2228 1673 1306 511 795

Notes: Outcomes are indices created using weights from principal component analysis. See text for details. * p < .10, ** p < .05, ***
p < .01. Weighted to be representative of 1995 population; see text for details. SE clustered at 1968 family id in columns 1 and 2 and
at mother id level otherwise.



Table B.8: Regression: Inputs to Economic Sufficiency Index at age 30

All Sibs Mom FE BIlk, FE Wht, FE
High School Graduate
Head Start 0.007 -0.002 -0.011 -0.024 -0.015
(0.018) (0.021) (0.026) (0.031) (0.045)
Other preschool -0.002 -0.008 0.036* -0.012 0.046*
(0.011) (0.014) (0.021) (0.048) (0.024)
Mean Y 0.913 0.912 0.912 0.862 0.921
Observations 7372 5361 5361 2369 2986
Attended Some College
Head Start 0.038 0.039 0.046 -0.016 0.120**
(0.024) (0.029) (0.033) (0.036) (0.053)
Other preschool 0.068*** 0.069*** 0.034 -0.011 0.043
(0.019)  (0.023)  (0.039)  (0.046)  (0.047)
Mean Y 0.531 0.532 0.532 0.396 0.556
Observations 7372 5361 5361 2369 2986
Fraction of last 5 yrs not on Food Stamps/SNAP, age 30
Head Start -0.018 0.011 0.043 0.042 0.076
(0.015) (0.017) (0.033) (0.037) (0.055)
Other preschool -0.003 0.007 -0.019 -0.019 -0.015
(0.007) (0.009) (0.018) (0.047) (0.019)
Mean Y 0.936 0.929 0.929 0.831 0.949
Observations 4186 2805 2175 887 1285
Never on AFDC/TANF by age 30
Head Start -0.028* -0.015 -0.009 -0.001 0.001
(0.016) (0.018) (0.020) (0.023) (0.034)
Other preschool 0.022*** 0.026*** 0.004 -0.010 0.005
(0.008) (0.009) (0.011) (0.025) (0.012)
Mean Y 0.938 0.940 0.940 0.819 0.962
Observations 7372 5361 5361 2369 2986
Fraction of last 5 yrs with positive earnings, age 30
Head Start 0.041*** 0.035** 0.061 0.026 0.088
(0.015) (0.017) (0.038) (0.034) (0.072)
Other preschool 0.013 0.008 0.015 -0.047 0.027
(0.011) (0.013) (0.019) (0.048) (0.020)
Mean Y 0.895 0.898 0.898 0.845 0.907
Observations 4378 3295 2800 1054 1740
Mean Inc. Rel. Pov. in last 5 years, age 30
Head Start -29.579"*  -27.953**  -16.953 5.860 -24.477
(10.548) (12.160)  (14.369) (12.890) (23.499)
Other preschool 42.704**  46.790*** -1.326 -4.147 0.923
(18.606)  (17.411) (16.118) (17.769) (18.924)
Mean Y 385.831 385.933  385.933  224.651 412.236
Observations 5293 4068 3694 1514 2175
Fraction of last 5 yrs no unemployment, age 30
Head Start -0.007 -0.001 0.005 -0.013 0.056
(0.015) (0.016) (0.030) (0.031) (0.049)
Other preschool -0.017 -0.013 -0.029 0.022 -0.040
(0.012) (0.014) (0.027) (0.029) (0.032)
Mean Y 0.854 0.850 0.850 0.807 0.857
Observations 4259 3184 2670 981 1683

Notes: Weighted to be representative of 1995 population; see text for details. SE clustered at 1968 family
id in column 1 and at mother id level otherwise. * p < .10, ** p < .05, *** p < .01. Source: Panel Study
of Income Dynamics, 1968-2011 waves.



Table B.9: Regression: Inputs to Economic Sufficiency Index at age 40

All Sibs Mom FE Blk, FE Wht, FE
Fraction of last 5 yrs not on Food Stamps/SNAP, age 40
Head Start 0.001 0.009 0.045 0.054 0.051
(0.019) (0.020) (0.033) (0.044) (0.049)
Other preschool 0.001 0.003 -0.010 -0.013 -0.008
(0.010) (0.013) (0.023) (0.062) (0.023)
Mean Y 0.957 0.957 0.957 0.866 0.971
Observations 1972 1423 1213 564 647
Never on AFDC/TANF by age 40
Head Start 0.008 0.022 -0.009 -0.010 0.002
(0.020) (0.023) (0.030) (0.039) (0.048)
Other preschool 0.016 0.019 0.018 -0.034 0.025
(0.010) (0.012) (0.021) (0.062) (0.021)
Mean Y 0.932 0.933 0.933 0.778 0.959
Observations 4085 2845 2503 1065 1435
Fraction of last 5 yrs with positive earnings, age 40
Head Start 0.026 0.022 0.021 0.073 -0.180
(0.031) (0.038) (0.062) (0.053) (0.130)
Other preschool -0.004 -0.012 -0.026  -0.135%** 0.003
(0.027) (0.033) (0.051) (0.052) (0.060)
Mean Y 0.850 0.849 0.849 0.856 0.847
Observations 1829 1369 1078 445 633
Mean Inc. Rel. Pov. in last 5 years, age 40
Head Start 1.769 3.447 32.738 27.251 -11.620
(21.347)  (26.202)  (30.410)  (24.095) (56.148)
Other preschool 97.953** 101.861**  24.513 17.035 26.140
(38.986) (47.085)  (40.157) (22.343) (50.412)
Mean Y 436.769  434.280 434.280  234.965  466.741
Observations 2152 1613 1272 540 732
Fraction of last 5 yrs no unemployment, age 40
Head Start -0.003 -0.022 -0.028 -0.033 -0.046
(0.022) (0.027) (0.047) (0.056) (0.083)
Other preschool -0.011 -0.011 -0.026 -0.053 -0.016
(0.017) (0.021) (0.037) (0.060) (0.044)
Mean Y 0.906 0.902 0.902 0.841 0.911
Observations 1825 1365 1073 440 633
Fraction of last 5 yrs owned home, age 40
Head Start -0.022 -0.024 0.045 -0.058 0.070
(0.049) (0.056) (0.056) (0.054) (0.121)
Other preschool -0.041 -0.053 -0.057 -0.079 -0.058
(0.037) (0.044) (0.058) (0.079) (0.074)
Mean Y 0.500 0.522 0.522 0.324 0.554
Observations 2292 1625 1391 642 747

Notes: . Weighted to be representative of 1995 population; see text for details. SE clustered at 1968
family id in column 1 and at mother id level otherwise. High school graduation and some college
attendance are also inputs to the index but are not shown here. * p < .10, ** p < .05, *** p < .01.

Source: Panel Study of Income Dynamics, 1968-2011 waves.



Table B.10: Regression: Inputs to Good Health Index at age 30

All Sibs  Mom FE Blk, FE Wht, FE
Fraction of last 5 yrs smoked less than 1 cigarette/day, age 30
Head Start -0.064*  -0.031 0.021 -0.127* 0.049
(0.035)  (0.039)  (0.080) (0.072)  (0.110)
Other preschool -0.017 0.017 -0.011  -0.181** 0.012
(0.021) (0.024)  (0.052) (0.091)  (0.056)
Mean Y 0.745 0.755 0.755 0.785 0.750
Observations 2267 1742 1174 376 796
Fraction of last 5 yrs reported good or better health, age 30
Head Start -0.001 0.001 0.042 0.047 0.039
(0.012)  (0.013)  (0.031) (0.034)  (0.052)
Other preschool 0.008 0.004 0.005 -0.009 0.010
(0.008) (0.010)  (0.016) (0.035)  (0.017)
Mean Y 0.948 0.950 0.950 0.890 0.959
Observations 3763 2806 2292 829 1459
Negative Mean BMI in last 5 years, age 30
Head Start -1.063**  -0.982*  -0.485 1.408 -1.514
(0.436)  (0.506)  (0.765) (0.984)  (1.128)
Other preschool 0.046 -0.096 -0.332 -0.357 -0.202
(0.266)  (0.313)  (0.441) (1.069)  (0.472)
Mean Y -26.569 -26.615 -26.615  -28.826  -26.267
Observations 3248 2528 1978 689 1286

Notes: Weighted to be representative of 1995 population; see text for details. SE clustered at 1968 family
id in column 1 and at mother id level otherwise. * p < .10, ** p < .05, *** p < .01. Source: Panel Study

of Income Dynamics, 1968-2011 waves.



Table B.11: Regression: Inputs to Good Health Index at age 40

All Sibs  Mom FE BIlk, FE Wht, FE
Fraction of last 5 yrs smoked less than 1 cigarette/day, age 40
Head Start -0.022 0.013 0.002 0.074 0.099
(0.047)  (0.050)  (0.075) (0.077) (0.148)
Other preschool 0.003 0.041 -0.033 0.218** -0.104
(0.039) (0.047)  (0.126) (0.097) (0.150)
Mean Y 0.738 0.728 0.728 0.713 0.731
Observations 1280 930 698 300

Fraction of last 5 yrs reported good or better health, age 40

Head Start 0.010 0.008 0.013 0.021 0.002
(0.034) (0.039)  (0.059) (0.061) (0.144)
Other preschool 0.016 0.010 0.026 0.026 0.025
(0.029) (0.035)  (0.023) (0.065) (0.023)
Mean Y 0.919 0.922 0.922 0.871 0.930
Observations 1463 1116 884 398

Negative Mean BMI in last 5 years, age 40

Head Start -1.218*  -1.297* -0.976 -0.475 0.501
(0.613)  (0.731)  (0.867) (1.055) (1.251)
Other preschool -0.330  -0.741  -1.861*** 1.271  -2.360***
(0.424)  (0.518)  (0.647) (1.503) (0.693)
Mean Y -27.504  -27.433  -27.433  -29.491  -27.095
Observations 2037 1486 1116 413

Notes: Weighted to be representative of 1995 population; see text for details. SE clustered at 1968 family
id in column 1 and at mother id level otherwise. * p < .10, ** p < .05, *** p < .01. Source: Panel Study

of Income Dynamics, 1968-2011 waves.

Table B.12: Regression: Interaction with Cohort (Binary, Adult Outcomes)

All Sibs Mom FE Blk, FE Wht, FE
Economic Sufficiency Index, age 30
Head Start -0.096* -0.069 -0.064 -0.106 0.038
(0.056) (0.063) (0.076) (0.097) (0.126)
Later Head Start Cohorts -0.121* -0.122 -0.100 -0.051 -0.196
(0.071) (0.082) (0.099) (0.122) (0.175)
Mean Y 0.094 0.096 0.096 -0.552 0.213
Observations 7372 5361 5361 2369 2986
Good Health Index, Age 30
Head Start -0.289***  -0.259***  -0.042 -0.052 -0.006
(0.066) (0.069) (0.145) (0.162) (0.259)
Later Head Start Cohorts -0.184* -0.194 -0.445* 0.281 -0.780*
(0.111)  (0.122)  (0.253)  (0.276)  (0.409)
Mean Y 0.004 0.017 0.017 -0.357 0.074
Observations 4749 3600 3114 1150 1959

Notes: Weighted to be representative of 1995 population; see text for details. SE clustered at 1968
family id in column 1 and at mother id level otherwise. Later Head Start cohorts defined as individuals

born after the median birth year among individuals born after Head Start became available (1966) -

in the sample, roughly 1977. * p < .10, ** p < .05, *** p < .01. Source: Panel Study of Income

Dynamics, 1968-2011 waves.



Table B.13: Regression: Interaction with Cohort (Binary, GTC Outcomes)

All Sibs  Mom FE Blk, FE Wht, FE

High School

Head Start -0.005  -0.010 -0.015 -0.015 -0.036
(0.025) (0.029)  (0.030) (0.035) (0.055)

Later Head Start Cohorts  0.028 0.019 0.009 -0.045 0.061
(0.026) (0.031)  (0.039) (0.041) (0.075)

Mean Y 0.913 0.912 0.912 0.862 0.921

Observations 7372 5361 5361 2369 2986

Some College

Head Start 0.059* 0.052 0.055 0.003 0.120**
(0.031) (0.038)  (0.037) (0.042) (0.059)

Later Head Start Cohorts -0.046  -0.032 -0.034 -0.071 -0.000
(0.039) (0.045)  (0.049) (0.053) (0.087)

Mean Y 0.531 0.532 0.532 0.396 0.556

Observations 7372 5361 5361 2369 2986

Ln Earnings 23-25

Head Start -0.002  -0.039 0.017 0.055 0.035
(0.068) (0.081)  (0.120) (0.151) (0.182)

Later Head Start Cohorts  0.090 0.168* 0.174 0.019 0.248
(0.089) (0.102)  (0.183) (0.212) (0.262)

Mean Y 9.588 9.578 9.578 9.207 9.630
Observations 4351 3309 2726 986 1736
No Crime

Head Start -0.011  -0.018 -0.007 0.031 -0.067

(0.027) (0.033)  (0.033) (0.028) (0.064)
Later Head Start Cohorts 0.063** 0.074** 0.081 0.003 0.172

(0.030) (0.036)  (0.059) (0.062) (0.129)
Mean Y 0.899 0.898 0.898 0.897 0.898
Observations 5005 3591 3206 1366 1836

Notes: *p < .10, ** p < .05, *** p < .01. Weighted to be representative of 1995 population;
see text for details. SE clustered at 1968 family id in column 1 and at mother id level
otherwise. Later Head Start cohorts defined as individuals born after the median birth
year among individuals born after Head Start became available (1966) - in the sample,
roughly 1977. Source: Panel Study of Income Dynamics, 1968-2011 waves.



Table B.14: Regression: Interaction with Cohort (Linear)

All Sibs Mom FE Blk, FE Wht, FE
Economic Sufficiency Indez, age 30
Head Start -0.054 -0.033 -0.038 -0.081 0.094
(0.066) (0.073) (0.086) (0.104) (0.153)
Head Start x trend -0.010*  -0.010* -0.009 -0.007 -0.017
(0.005) (0.006) (0.007) (0.008) (0.013)
Mean Y 0.094 0.096 0.096 -0.552 0.213
Observations 7372 5361 5361 2369 2986
Economic Sufficiency Index, age 40
Head Start -0.042 -0.038 -0.030 -0.155 -0.026
(0.084) (0.093) (0.104) (0.136) (0.118)
Head Start x trend -0.014 -0.015 -0.031*  -0.050**  -0.029
(0.012) (0.013) (0.017) (0.025) (0.019)
Mean Y 0.020 0.025 0.025 -0.670 0.142
Observations 4085 2845 2503 1065 1435
Good Health Index, Age 30
Head Start -0.318***  -0.291***  -0.113 -0.087 0.018
(0.064) (0.065) (0.161) (0.167) (0.293)
Head Start x trend -0.004 -0.004 -0.007 0.034** -0.044
(0.007) (0.007) (0.019) (0.017) (0.034)
Mean Y 0.004 0.017 0.017 -0.357 0.074
Observations 4749 3600 3114 1150 1959
Good Health Index, Age 40
Head Start -0.135 -0.110 -0.129 0.066 0.422
(0.149) (0.167) (0.210) (0.188) (0.513)
Head Start x trend -0.028 -0.034 -0.026 0.067 -0.186**
(0.024) (0.026) (0.037) (0.044) (0.083)
Mean Y 0.011 0.015 0.015 -0.290 0.062
Observations 2228 1673 1306 511 795

Notes: Weighted to be representative of 1995 population; see text for details. SE clustered at 1968 family
id in column 1 and at mother id level otherwise. Trend has been normed so that 0 is the minimum birth
year among individuals born while Head Start was available (1966). * p < .10, ** p < .05, *** p < .01.
Source: Panel Study of Income Dynamics, 1968-2011 waves.



Table B.15: Cross-Sectional Regression Coefficients (Some College, All) - Interaction with Number of Children in
Family

CcX FE
Head Start x 1 child family 0.091*
(0.048)
Head Start x 2 child family 0.052  -0.082

(0.044)  (0.060)

Head Start x 3 child family -0.000  0.029
(0.049)  (0.047)

Head Start x 4 child family -0.061  0.148**
(0.061) (0.067)

Head Start x 5+ child family 0.156**  0.111
(0.075)  (0.075)

Head Start x Unknown child family  -0.027

(0.069)
Observations 7372 5361
N Non-Switch/Switch
A+P All Weights 0.036
A+P Sib. Weights 0.029 0.021
A+P Switch Weights 0.039 0.045

Notes: Columns 3 and 4 show the coefficients from one regression that interacts and indicator for Head Start
with the number of children in the family and whether the family have variation in Head Start attendance.
Columns 1, 3, and 4 include controls, but not mother f.e., and SE are clustered at 1968 family id. Column
2 includes mother fixed effects, and SE clustered by mother id. The bottom rows of columns 1 and 2 show
the weighted average of the coefficients and the respective standard errors when using weights determined
by the overall distribution of families, the distribution of 2+ child families, and the distribution of 2+ child
families that have variation in Head Start attendance. * p < .10, ** p < .05, *** p < .01. Source: Panel
Study of Income Dynamics, 1968-2011 waves.



Table B.16: Share of Sample By Number of Children in Family, White Sample

Shares A+P Weights
All Sibs  Switchers  All Sibs  Switchers

1 child family 0.120  0.000 0.000 0.171  0.000 0.000
2 child family 0.283 0.358 0.246 0.261 0.358 0.294
3 child family 0.236  0.299 0.260 0.297 0.407 0.317
4 child family 0.147 0.186 0.254 0.115 0.158 0.247
5+ child family 0.123 0.156 0.240 0.056 0.077 0.141
Unknown child family 0.091 0.000 0.000 0.099 0.000 0.000
Observations 4258 2989 213 4258 2989 213

Notes: Weighted to be representative of 1995 population; see text for details.
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