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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 this approach is that it allows 

researchers to eliminate family-level correlates of treatment, which may be a concern for estimation. 

However, since within-family decisions may still be endogenous, FFE are typically employed in 

estimation when stronger experimental or quasi-experimental research designs are not available1.   

This research 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 number of 3 and 4 year old children in poverty (Carneiro & Ginja 

2014).2 A growing body of research credits Head Start with having positive impacts on economic and 

non-cognitive outcomes of participants measured in adulthood, giving credence to continued support of 

the program (see Gibbs et al., 2013 for a 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 a focus of this empirical literature. Potential threats 

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

                                                                 
1 This empirical s trategy i s pervasive in the Head Start literature, (Currie & Thomas 1995, 1999, Garces, Thomas, and Currie 
2002, Deming 2009, Currie & Neidell 2007, Bauer and Schanzenbach (2016)).  It has also used to estimate the impact of other 
public policies, including public housing assistance (Anderson et. al. 2016), the WIC program (Rossin-Slater 2013; Currie and 
Rajani 2014), as well as the causes and consequences of early-life health (Abrevaya 2006; Almond et. al. 2005; Black et. al. 2007; 
Figlio et. a l. 2014; and many others). 
2 See Gibbs et. al. (2013) for an overview of the program, including programmatic details. Statistics on Head Start enrollment 
ava ilable at  http://eclkc.ohs.acf.hhs.gov/hslc/data/factsheets/2014-hs-program-factsheet.html 
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spillovers3.  Our focus in this paper is across-family selection into “identifying variation” when the 

treatment is binary, which has implications for the external validity of FFE.4  Because this method 

requires within-family variation in treatment, the FFE design induces a selection (at the level of the 

family) into the identifying sample. We raise two implications of this for the number of identifying 

observations and the average treatment effect in the discussion that follows. The empirical literature to 

date also focuses on the OLS/Linear Probability Model.  We examine OLS performance in comparison to 

Logit specifications. 

The first implication of the FFE selection into identifying sample is a reduction in identifying 

variation.  It is well known that in such a design the impact of the binary Head Start variable is identified 

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.  For example, in our sample of 5,355 children with siblings, only 1,098 children reside 

in “Head Start switching” households.5    Further, we show that the loss of sample variation is 

systematically related to observables – it is lowest for families whose probability of treatment is closest 

to 0.5, and grows as treatment probabilities approach 0 or 1.  There is also greater loss for smaller family 

sizes.  This can have important differential selection effects within an overall sample.  For example, in 

the PSID data from our application, we lose 93% of the sibling sample for white children, but only 62% of 

the sample for black children. 

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

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

                                                                 
3 See e.g. Bound and Solon (1999). 
4 Whi le we focus on Family FE research designs, the lessons will also apply to other short-panel designs 
5 We are by no means the first to raise this point.  Indeed, Currie and Thomas (1999) present a similar breakdown in their 
analysis of Head Start’s impact on Hispanic Children.  Footnote 7 in that paper suggests a  reduction in sample s ize from 750 
chi ldren to 222 in “Head Start switching families”. Anderson et. al. (2010) a lso include the counts of children in switching 
fami lies in their analysis. 
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larger families, due to the fact that “switchers” are much more likely to occur in families with several 

children. For example, in our setting individuals with 3 siblings 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 siblings in the family. Thus, the FFE treatment effect which 

is a weighted average of these LATEs is no longer representative of siblings, let alone the population of 

Head Start participants. 

The intuition for the change in identifying variation is not specific to FFE; any estimator can shift 

relative weights across this heterogeneity (in addition to throwing out bad variation). To our knowledge, 

there is no discussion of the change in complier, ̀ `switcher”, characteristics for the FFE LATE, although a 

growing literature develops this idea in the IV/LATE context (Angrist and Fernandez Val 2014).6 We 

suggest a combination of methods for addressing this. For transparency, the difference between FFE 

estimates and OLS should be decomposed to distinguish between the change resulting from deviations 

in the identifying complier population and the change in the identifying variation.  Further, FFE 

treatment effects should be reweighted of estimates to account for differences in complier 

characteristics in FFE, similar to Angrist and Fernandez-Val (2014). We find that half of the difference 

between the ordinary least squares (OLS) and fixed effects regression may be attributable to this LATE 

among “switcher” families.  

Third, we consider the sensitivity of FFE estimates to model choice when the outcome is binary 

(such as high school completion). Our analysis is motivated by the fact that the OLS linear probability 

model (LPM) is ubiquitous in the FFE empirical 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 variation in the outcome. As 

                                                                 
6 Loken et al (2012) discuss reweighting of  in context of nonlinear treatment-response relationship 
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a starting point for the sensitivity analysis, we present a new method to recover AMTEs following a 

Conditional Logit estimation, using a second-step Random Effects Logit estimation. Monte Carlo 

simulations indicate that LPM models perform well in 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 our two-step 

estimation is used to obtain AMTE from the conditional logit model.  

Based on these findings we propose new standards for practice when presenting results using 

similar research designs.  We argue that best practice should employ the following steps:  (1) clearly 

show not only 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 “switching sample” and the overall sample; (3) if using a Logit or Probit model for binary 

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 showing a 

diagnostic graph along the 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)  consider a 

“reweighting” of family-size OLS specific estimates to show the impact of the change in LATE when 

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

In the second part of our paper, we present results on the long run impacts of Head Start using 

data from the PSID.  Relative to prior evaluations of Head Start using FFE and the PSID, we use a sample 

three times as large in size, include longer run (up to age 40) outcomes, and expand the set of outcomes 

under consideration.  Using the expanded sample, one of our principal findings echoes the results of 

prior studies: Head Start enrollment is associated with long-run improvements in college-going (GTC, 

Deming 2009). We estimate that Head Start leads to an 12 percentage point increase in the likelihood of 
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attending some college for white children.7 This effect is remarkably stable across cohorts, indicating 

that the estimate does not reflect the impact of a particular vintage of the program, and we find similar 

effects for both males and females. Using our reweighting approach, we estimate that the FFE is 50% 

larger than the AMTE for the representative sibling sample. 

However, in contrast to previous findings, we find no significant improvements in high school 

completion or reductions in criminal activity.  We also find no significant impacts on several summary 

indices of long run economic and health outcomes (results suggest negative point estimates), or on 

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 economic sufficiency for whites.  Nonetheless, the totality of the null results stand in 

contrast to the sizable effects on college attendance. We interpret our findings as pointing toward 

“increased uncertainty” rather than “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. 

Our study builds on a growing body of evidence that finds that the effects of Head Start are 

present beyond pre-school, despite the apparent impermanence of children’s test score gains (Gibbs et. 

al. 2011) 8.  We also contribute to a broader literature using quasi-experimental methods to identify the 

long term effects of Head Start. Other research designs have exploited a supply shock during the early 

years of the program (Ludwig & Miller 2007, Thompson 2017), and regression discontinuity designs 

using income eligibility thresholds (Carneiro & Ginja 2014).  These studies find improvements in 

childhood health and increases in educational attainment among earlier cohorts of participants, and 

                                                                 
7 Deming (2009) a lso finds increases in college attendance (6 ppts) among black participants. 
8 Test score “fade out” has been most convincingly demonstrated in the 2002 National Head Start Impact Study (US DHHS 
2010), a  large-scale randomized control trial of Head Start access (N=4,667 children). 
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reductions in behavioral problems, health problems, and obesity in later childhood and early 

adolescents for later cohorts of participants. We evaluate the effect of Head Start on longer-run 

outcomes relative to both of these studies through longitudinal tracking of individuals, which is an 

advantage over Ludwig & Miller (2007).   

2. Survey of FFE Literature 

 As we have discussed, family fixed effects have been employed in several foundational papers in 

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 in six leading journals that publish 

applied microeconomics articles.9 We include all studies that use family fixed effects as a primary or 

secondary strategy.10  

 Our literature review yields 33 papers. We provide descriptive statistics of these articles in 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 interest and 13 additionally have a binary 

outcome. The second and third panels show the varied topics that appear in 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 in the table is an upper bound on the number of observations used for identification. The 

median number of sibling observations is 3,990, or roughly 75% of the PSID sample in our analysis. It is 

                                                                 
9 We include the Quarterly Journal of Economics, American Economic Review (including Papers and Proceedings), AEJ: Applied, 
AEJ: Economic Policy, Journal of Labor Economics, Journal of Public Economics 
10 We use the following search terms on each journal’s website to identify relevant papers: family, s ibling, twin, mother, father, 
brother, sister, fixed effect, fixed effect, birthweight. 
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important to note that there is a high variance in sample size across samples, indicating that there is not 

a threshold for FFE analyses. The bottom 25% of papers have fewer than 600 observations, while the top 

25% have over 200,000 sibling observations. 

 Figure 1 illustrates the salience of this estimation strategy over time. The top graph shows the 

number of articles published in each year. It shows increasing prevalence of studies using FFE from 1 to 

3 per year during the early 2000’s, a “boom” of 6 articles in 2009, and roughly 3 per year thereafter. The 

bottom graph shows the mean number of citations per article over time using data from Google 

Scholar.11 On average a FFE article obtains 187 citations. GTC (2002), our only observation in that year, 

has 943 citations.   

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

 We now turn to the examination of three methodological issues that arise within the Family 

Fixed Effects research design.  These include: (1) the dramatic reduction in identifying variation that 

results from the family fixed effects design; (2) a meaningful change in the types of families that are 

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 together with a binary outcome variable.  We also 

illustrate the issue in the context of a particular example based on micro data.  This example is drawn 

from our analysis of the impacts of Head Start in the second part of the paper.  In this section be provide 

an outline of the data for the example, with greater sample and estimation details presented in sections 

3 and 4 below. 

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

2986 white children born in the years 1954-1987.  The key treatment variable is a dummy variable for 

                                                                 
11 Google scholar ci tations are as of May 1, 2017. 
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ever having attended the Head Start programs; and the outcome variable of interest is a dummy 

variable for ever having attended some college.  Important control variables include a dummy for other 

preschool attendance, and parental and early-childhood socioeconomics controls.  The coefficient on 

Head Start in a cross-section regression is 0.049 (s.e. = 0.044).  When mother fixed effects are added, 

the coefficient becomes 0.120 (s.e. = 0.053).  This result indicates that the impact of Head Start 

participation on College attendance is meaningful in magnitude, and statistically significantly different 

from zero12. 

3.1 First issue: Fewer Observations in “Switching” Families 

 It is well-known that FFE identifies treatment effects from “switcher” families, the “complier” 

population. This implies that the ex-post effective number of observations—that is, those that 

contribute to identifying the treatment effect—may be quite small.  

 We demonstrate the reduction in identifying variation by creating a visualization of the within-

family variation in Head Start in the PSID sample. In Figure 2, we show a scatterplot of the within-family 

deviation in Head Start, i.e HeadStarti –𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝑚𝑚�����������������, against the within-family deviation in attainment 

of some college for the white sample.13 The size of each symbol is weighted by the number of students. 

A striking feature of the graph is the large mass at (0,0), indicating that many families have no variation 

in Head Start participation and no variation in the high school graduation of their children. 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 3 we remove observations for families with no variation in 

                                                                 
12 Further details for these models can be found in section 5 and tables 3 and 10.  Here we l imit presentation of details, for the 
purpose of keeping the illustrative example as simple as possible. 
13 A va lue of 0.5 a long the horizontal axis, for example, means that a  person went to Head Start in a family where half the 
chi ldren attended Head Start. Va lues other than 0.5 and -0.5 are possible because not all families have just two children. Values 
of -0.5 and 0.5 are also possible in families with more than 2 children, if equal numbers of children participated as did not. A 
va lue of -0.75 means that a  person did not go to Head Start in a family where three quarters of the children did. 
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Head Start to mimic the identifying variation used to estimate the effects of Head Start. The substantial 

reduction in the number of observations, from 4761 to 211, is visually apparent. 

Importantly, the reduction in identifying observations may be unequal across subsamples of the 

data. To gain intuition about which characteristics might determine switching – and hence, influence the 

reduction in observations– we build a simple model of the Head Start participation decision within 

families. For now, we assume that the probability of attending Head Start is a constant, π, such that the 

likelihood of attending is a lottery within families. The probability of switching, is then a function of π 

and family size, Xf: 

P(HSi,switcher = 1) = 1 (( ) 0) (( ) )i i f
f f

P HS P HS X− = − =∑ ∑  

1 (1 ) f fX Xπ π= − − −  

 Figure 4 graphs the relationship between P(HSi,switcher = 1) and π for families with 1, 2, 3, 4, or 5 

children. It shows that the probability of switching has an inverse-U-shaped relationship with π, and that 

for a given level of π, the likelihood of being in a switching family is increasing with X.  The markers on 

the graph show the observed probability of Head Start and likelihood of being in a switching family in 

the PSID. As in the stylized model, the observed likelihood of switching is increasing with X, although the 

difference in the likelihood of switching is much smaller than the model due to the fact that the 

probability of Head Start is not independent across children in the data.  The observed likelihood of 

switching is also increasing with π, following the inverse-U. 

 The inverse-U relationship between π and switching implies that the reduction in observations 

will be larger for populations with very high and very low π, and smaller when π is close to 0.5. Figure 4 

shows the observed probability of Head Start attendance is much higher and closer to 0.5 for black 

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

sample for black children.14 

 To address this issue, we recommend that researchers should take the following steps:  clearly 

show not only total sample size, but also the sample size when limited to “switching” families (and also 

to do so for relevant subsamples within the data); and consider showing a diagnostic graph along the 

lines of our Figure 1. 

3.2 Second issue:  “LATE” Among Switchers 

In addition to the smaller N, the FFE strategy induces a change in the population that 

contributes identifying variation, the “complier” characteristics. In the previous section we showed that 

switching is an increasing function of family size. Here, we examine the consequences of the family-size 

composition of compliers for estimates. Family-size-specific treatment effects are given by the 

coefficient on the interaction between Head Start and an indicator for family size, δx, which we assume 

is heterogeneous across X. 

We further assume that δx is monotonically increasing in X. While this assumption is made in 

part for convenience, we argue that it is 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) per child is decreasing in X. If Head Start serves as a substitute for 

parental resources, then its 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 

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

                                                                 
14 Note that we are focusing on race, but that this notion can be generalized to other family characteristic, such as SES, that 
determineπ . 
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parental investments are complements to Head Start, then its effects may also be greater for children 

from larger families. 

We now consider the implications of family-size-based switching for the coefficient obtained in 

the cross-section and FFE. In the cross-section, the OLS estimate for the population of siblings can be 

written as a weighted average of δx’s (Angrist and Pischke, 2009) 15: 

,HS OLSδ =
[ ( 1| )(1 ( 1| ))] ( )

[ ( 1| )(1 ( 1| ))] ( )

x i f i f f
x

i f i f f
x

P HS X x P HS X x P X x

P HS X x P HS X x P X x

δ = = − = = =

= = − = = =

∑

∑
 (1) 

Now if we restrict OLS to families that will be included in the FFE model, then we obtain , ,HS OLS FESampleδ  

as: 

 
2

, ,

, , 2
, ,

( ) ( | 1)

( ) ( | 1)

i

i

x HS switcher f i switcher
x

HS OLS FESample
HS switcher f i switcher

x

P X x HS

P X x HS

δ σ
δ

σ

= =
=

= =

∑
∑

 (2) 

 
where 2

, , ,( 1| , 1)(1 ( 1| , 1))
iHS switcher i f i switcher i f i switcherP HS X x HS P HS X x HSσ = = = = − = = =  

Moving to the FFE estimate, we substitute ,x FEδ  for xδ : 

2
, , ,

, 2
, ,

( ) ( | 1)

( ) ( | 1)

i

i

x FE HS switcher f i switcher
x

HS FE
HS switcher f i switcher

x

P X x HS

P X x HS

δ σ
δ

σ

= =
=

= =

∑
∑

 

  
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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specific estimate) in two ways. First, the share of families in families with more children is likely to be 

larger in the switching sample (the last term in the numerator), which would tend to upweight the 

estimated effect for those families. Second, and more ambiguous, it may affect the variance of Head 

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

this upweighting. 

We now look to empirically assess the relevance of the change in sample composition from the 

family fixed effects design for our setting. The first two rows of Table 2 are akin to the markers in Figure 

4, showing a monotonic relationship between the likelihood of switching and family size. In the next two 

rows of the table, we decompose the cause of this relationship into two factors: differences in the 

likelihood of having all children attend Head Start, and differences in the likelihood of having no children 

attend Head Start. They indicate that increased switching among families with three or more children is 

due in large part to being less likely to have no children attend Head Start.16  

Since it is now apparent that the probability of switching correlated with family size, we turn to 

consider the implications for our regression coefficients. Columns 1-3 of Table 3, Panel A show how the 

probability of each of these family sizes changes going from the whole sample to the switching sample. 

Consistent with the above results, the proportion of 5+ child families in the switching sample is roughly 

twice the proportion in the overall sample, while the share of 3 and 4-child families is roughly constant. 

This will tend to upweight the coefficients of 5+-child families in the regression. Panel B of the table 

shows that that variance in Head Start is higher for every family size in the switching sample. The 

                                                                 
16 Appendix Figures B1 and B2 confirm and elaborate upon the relationship between switching and family size by 

separately looking at 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 across children are quite similar across 
fami ly sizes. Figure B2 instead looks at the l ikelihood of switching from no Head Start to Head Start across children. Conditional 
on not having a fi rst or second child attend Head Start, families with 5 or more children are s ignificantly more likely to have a 
thi rd, fourth, or fifth child attend. 
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increase is relatively similar across family sizes, however, so the average effect is unlikely to be affected 

by this. In Panel C we calculate the ̀ `A+P weights'' from Equations 1 and 2, which combine the inputs 

from Panels A and B. Going from the sibling sample to the 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 .134 to .243, and the weight for 4-child families increases 

by over 25%. 

We quantify the importance of the change in complier characteristics in two ways. Our first 

approach decomposes the change in the coefficient estimated from OLS and FFE into a change in 

identification and the change in identification.17 

, ,( ) ( )FE OLS FE OLS switchers OLS switchers OLS

Identification LATE

δ δ δ δ δ δ
∆ ∆

− = − + −
   

The second option is to reweight the FFE estimates to match the representative sibling population. This 

approach is similar to the “Late-Reweight” concept in Angrist and Fernandez-Val (2014).18 The 

reweighted coefficient gives the estimated impact of Head Start for a broader population of Head Start 

participants under the assumption that the Head Start treatment effect does not vary within family size 

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

   
2

,

, 2

( ) ( | 1)

( ) ( | 1)

i

i

x FE HS f i
x

FE sibs
HS f i

x

P X x HS

P X x HS

δ σ
δ

σ

= =
=

= =

∑
∑

 

                                                                 
17 Our decomposition is a special case of Equation 13 in Loken et al (2012), which provides a general formula for the comparison 
of OLS and FE estimators. 
18 See equation 9 of Angrist and Fernandez-Val (2014). 
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This issue has a meaningful impact on the coefficients we estimate our data example.  For this 

sample, the OLS coefficient on Head Start is 0.049 (se=0.044), and the fixed effects coefficient is 0.120 

(se=0.053).  When we examine how the coefficient on Head Start varies by family size, we find different 

effects, with larger families showing greater returns.  Taking the cross-section family-size-specific 

coefficients and re-weighting by the fixed-effects regression weights, we obtain a weighted 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 in identifying variation. Reweighting the FE coefficients by the 

sibling weights produces a coefficient of 0.08. This implies that the LATE is 50% larger than the AMTE for 

the sibling population.  We present this example in greater detail in Section 5 and Table 10 below. 

Our recommendation to practitioners using family FE models is to show how the switcher 

sample compares to the overall sample in terms of the distribution of family size, and in terms of the 

distribution in terms of the regression weights.  We also recommend that researchers also explore a re-

weighting exercise along the lines presented above. 

 

3.3   Third issue:  Functional form specification for FFE with Binary Treatment and Binary Outcome 

Variable 

The third issue we consider is potential sensitivity to functional form modeling assumptions. For 

binary LHS variables the usual choice of specifications includes Linear Probability Model, Logit, and 

Probit.  In the cross-section setting, the conventional wisdom is that the choice among these options is 
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fairly innocuous, especially when the objective is to recover the AMTE19. 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 LPM specification to estimate family-FE models. We speculate 

that this is motivated by (1) the intuition (carried over from the cross-sectional case) that LPM models 

usually recover the AMTE20; (2) the benefit that the incidental parameters problem does not pollute the 

main parameters of interest21; (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 βLPM directly gives the estimate of the AMTE.  

It is important to note that obtaining AMTE from a non-linear specification is not only less 

common, but also less straightforward22. In particular, the conditional logit model23, which consistently 

estimates β by conditioning on the number of successes in a family, 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).24 We believe that empiricists' use of 

these options is uncommon; in our sample of 19 papers discussed in section 2.1 these methods are not 

                                                                 
19 Angrist and Pishke (2009, pg. 107), Wooldridge (2010, section 15.6). In contrast, Cameron and Trivedi (2005, pg. 471) 
recommend l imiting LPMs to exploratory analysis. 
20 We are not aware of systematic exploration of whether the good properties in (1) easily transfer to the short-panel case.  
Textbook treatments generally s tate that things should be fine (Wooldridge, 2010, pg. 608; Cameron & Trivedi, 2005, pg. 471), 
but sometimes (as in Cameron & Trivedi) caution against LPM i f the goal is to make predicted probabilities for individual 
observations. 
21 See Chamberlain (1980). Because this inconsistency is based on the panel length being fixed, the problem may be especially 
acute for short panels such as found in family fixed effects models. 
22 See Wooldridge (2010, section 15.8) for a  discussion of non-linear specifications. 
23 Conditional logit models are also referred to as logit fixed effects. See Chamberlain (1980) for more detail. 
24 The traditional implementation is to model the residual variance as having an i-level random effect, hence the terminology 
Correlated Random Effects given to this method.  However, i t is also possible to include the controls 𝑋𝑋𝚤𝚤�  and then estimate 
regular pooled Logit or Probit. 
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used.  However, these methods have the attractive properties of: (1) being easy to implement; (2) 

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

An additional complication is that conditional logit models also use less variation relative to OLS 

LPM. With these models, for any 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 refer to 

these as “double switchers”:  families with variation in both the outcome variable and the treatment 

variable.  This means: (1) the estimation sample can become quite a bit smaller (exacerbating the issues 

discussed in section 3.1); and (2) a change in specification (e.g. from LPM to Logit) is automatically tied 

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

In our application for example we see a reduction from 2986 individuals in the overall "siblings 

sample" to 211 individuals in the "RHS switchers" sample to 98 individuals (from only 27 families) in the 

"LHS and RHS switchers sample".  This can be seen in the change from Figure 3 to Figure 5.  The 

horizontal line of observations is lost when Logit FE models are used.  Third, the OLS/LPM results will 

depend on the fraction of “LHS not switcher” observations, whereas the Logit model estimates will be 

invariant to the number of these non-switchers.  Finally, the selection into “double switchers” may 

exacerbate the skewing of the variation toward larger families, exacerbating the LATE changes discussed 

in section 3.2.   

 For our simulations, we will consider estimation of LPM on the “double switcher” sample as well 

as 3 ad-hoc approaches for obtaining AMTE from the conditional logit model, and introduce a 2-step 

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

 With a Logit β in hand, the MTE for an individual with logit-index z* is given by 𝑀𝑀𝑀𝑀𝑀𝑀(𝑧𝑧∗) = β ∙

Λ(𝑧𝑧∗)�1−Λ(𝑧𝑧∗)�, with Λ(𝑧𝑧∗) the Logistic function. 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 first ad-hoc 

approach we consider is to evaluate the MTE at the average outcome in the Logit sample: 𝑧𝑧∗ =

(y�𝑖𝑖; 𝑖𝑖 ∈ 𝐿𝐿𝐿𝐿𝐿𝐿𝑖𝑖𝐻𝐻 𝐻𝐻𝐻𝐻𝑆𝑆𝑆𝑆𝑆𝑆𝐻𝐻)25.  The second ad-hoc approach recognizes that this ignores the non-LHS-

switchers.  Presumably these non-LHS switchers have relatively extreme values of the Logit index. The 

second approach assumes the MTE for these observations is 0, and “scales down” the estimate from the 

first approach.  The third ad-hoc approach evaluates the MTE at the average outcome of the OLS/LPM 

sample: 𝑧𝑧∗ = (y�𝑖𝑖;𝑖𝑖 ∈ 𝑂𝑂𝐿𝐿𝐻𝐻/𝐿𝐿𝐿𝐿𝑀𝑀 𝐻𝐻𝐻𝐻𝑆𝑆𝑆𝑆𝑆𝑆𝐻𝐻).  

The final estimator we consider is one we describe as a "two-step Logit" model.  The first step is 

the usual conditional Logit estimator, used to obtain a consistent coefficient �̂�𝛽 for variables that change 

within-family.  The second step estimates a random effects logit model, imposing the coefficient on the 

treatment variable (and other individual-level variables) from the 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 

"logit index" value to each observation, and (3) to estimate the variance of the family-level random 

effect 𝜎𝜎𝑢𝑢2. After the second step model is estimated, then we estimate the AMTE using: 

𝐴𝐴𝑀𝑀𝑀𝑀𝑀𝑀2 𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 𝑅𝑅𝑅𝑅 𝐿𝐿𝐿𝐿𝐿𝐿𝑖𝑖𝑠𝑠 =
1
𝑁𝑁�

� ��̂�𝛽𝐻𝐻𝑠𝑠𝐻𝐻𝐻𝐻 𝑆𝑆𝑠𝑠𝐻𝐻𝑆𝑆𝑠𝑠 ∙ Λ��̂�𝛽𝑋𝑋𝑖𝑖𝑖𝑖 + 𝛾𝛾�𝑍𝑍𝑖𝑖 + 𝑢𝑢� ∙ �1− Λ��̂�𝛽𝑋𝑋𝑖𝑖𝑖𝑖 + 𝛾𝛾�𝑍𝑍𝑖𝑖 + 𝑢𝑢���𝜙𝜙(𝑢𝑢)𝐻𝐻𝑢𝑢
𝑢𝑢

𝑁𝑁

𝑖𝑖=1

 

With �̂�𝛽 being the coefficients on within-family variables from the conditional Logit first step; 𝛾𝛾� 

the coefficients on family-level variables from the second step; and 𝜙𝜙(𝑢𝑢) the PDF from a normal 

distribution, with variance 𝜎𝜎𝑢𝑢2 estimated from the second step family-level random effects model. We 

                                                                 
25 We compute standard errors for the marginal effects to force preservation of the t-statistics from the Conditional logit 
coefficients. 
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have not yet found a prior implementation of this estimator in the literature; but it is similar in spirit to 

the two step fixed-effects logit proposed by Beck (2015) 26. 

We explore some of these models in the context of our empirical example in Table 11.  In 

Column (1), we show our baseline specification from the linear probability model for the white sample27. 

Then, in Column (3) we show the results from a logit regression, with calculated marginal effects at the 

mean.  The logit marginal effect suggests that Head Start increases the likelihood of completing some 

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 variation in both Head Start and in the attainment of some 

college. 

  In order to separate the effects of the sample selection (into the “double switchers” sample) 

from the functional form assumptions, in Column (2) we re-estimate the LPM using the same set of 

observations from the logit model. Here, Head Start is estimated to increase the likelihood of 

completing some college by a marginally significant 17.1 percentage points.  In this setting we find a 

curious result:  adding the horizontal line of “0” data (column 1) leads the OLS/LPM model to be more 

likely to reject the hypothesis of no effect!   

Column 4 presents results from “scaling down” the Column 3 estimate, assuming that the 

treatment effect for non-LHS switchers was 0.  The 5th column estimates the treatment effect at the 

outcome average for the LPM sample.  This does not differ much from Column 3.  In the 6th column we 

                                                                 
26 Beck's second step is a  Logit-Fixed-Effects (with dummies) estimator, with the β imposed from the conditional Logit first 
s tage.  Then the estimated fixed effects are used to obtain AMTEs. 
27 In this table we employ s lightly different weights than in earlier results.  We use family weights (which we construct as the 
within-family average of the individual weights) for all specifications here.  This is because the conditional logit model requires 
constant weights within a family, and we want to keep the weighting scheme fixed across specifications. 
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present results 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 error is somewhat larger and this model does 

not reject the hypothesis of no effect.  Finally, we present results from a Logit with Mundlak-type 

controls.  The point estimate (0.089) is again similar, and is significant at the 10% level. 

 

3.3.2 Illustrative model: analytic results 

The results in Table 11 do not directly give firm guidance as to which result is most believable.  

To explore this issue further, we first consider a simplified setting in 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 two siblings, and one of the siblings is treated while the other is not28.   We assume no 

covariates enter the model beyond treatment status.  Then each family can be fully characterized by the 

pattern of outcomes among the siblings.  We label families as "type 00" when (yf,1, yf,2) = (0,0); "type 01" 

when (yf,1, yf,2) = (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, a dataset can be characterized by 

the total number of families F and the share of families of each type: (s00, s01, s10, s11); with s00=#00/F (and 

similarly for the other shares). 

Appendix Table B1 presents formulas for the LPM and Conditional Logit coefficients, their corresponding 

estimated standard errors, estimated MTEs, and the test statistic for the null hypothesis of zero effect of 

treatment.  We also include the formulas for the three ad-hoc AMTE for the conditional logit model.29 

                                                                 
28 We assume away considerations of birth order, and simplify further by labeling the first sibling as the untreated one, and the 
second sibling as the treated one: (xf,1, xf,2) = (0,1). 
29 Note that the average 𝑦𝑦𝚤𝚤�  in the Logit estimation sample.  In this case 𝑦𝑦𝐿𝐿𝐿𝐿𝐿𝐿𝚤𝚤𝑠𝑠�������� = 0.5 (because only LHS switchers are used) and 
so  𝐴𝐴𝑀𝑀𝑀𝑀�𝐿𝐿𝐿𝐿𝐿𝐿𝑖𝑖𝑠𝑠,𝐿𝐿𝐻𝐻𝑆𝑆−𝑠𝑠𝑠𝑠𝑖𝑖𝑠𝑠𝑠𝑠ℎ = 0.25 ∙ 𝛽𝛽𝐿𝐿𝐿𝐿𝐿𝐿𝑖𝑖𝑠𝑠. 
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The formulas in Table B1 are derived in the Appendix.30  We use notation 𝑠𝑠01 to represent the share of 

the sample that is “type 01” (and similarly for the other shares), and 𝑐𝑐𝑠𝑠01 = 𝑠𝑠01
𝑠𝑠01+𝑠𝑠10

 for the “conditional 

share” of “type 01” families among right-hand-side switching (type 01 and type 10) families. The table 

shows that for a given sample, the estimated AMTEs can be sensitive to specification choice.  This is also 

the case for hypothesis testing.   

Figure 6 further illustrates the differences in estimated treatment effects across specifications. 

The estimated MTEs for the LPM estimator are shown in bold red and the Conditional Logit "scaled 

down" estimator are in bold blue.  This is based on data where s01/ s10=2 for all cases, and with F=500 

families. The x-axis varies the share of "non LHS switcher" families from 0 to 1.  Both estimation models 

always have the same sign of estimated MTE, but the "scaled down" Conditional Logit always estimates 

a lower MTE than the LPM. 

We also show the MTE’s for alternative specifications. The top horizontal blue line shows the 

results from estimating the LPM model on the "LHS and RHS switcher sample", which will always give 

the estimate of 𝛽𝛽𝐿𝐿𝐿𝐿𝐿𝐿,𝐿𝐿𝐻𝐻𝑆𝑆−𝑠𝑠𝑠𝑠𝑖𝑖𝑠𝑠𝑠𝑠ℎ = 2
3
− 1

3
= 0.33.  The middle horizontal red line show the results from 

scaling the conditional logit by the y-bar in the LHS switcher sample: 𝐴𝐴𝑀𝑀𝑀𝑀𝑀𝑀� 𝐿𝐿𝐿𝐿𝐿𝐿𝑖𝑖𝑠𝑠,𝐿𝐿𝐻𝐻𝑆𝑆−𝑠𝑠𝑠𝑠𝑖𝑖𝑠𝑠𝑠𝑠ℎ = 0.25 ∙

𝛽𝛽𝐿𝐿𝐿𝐿𝐿𝐿𝑖𝑖𝑠𝑠 = 0.25 ∙ 𝑆𝑆𝑙𝑙 �2
3

1
3
� � = 0.173.  Finally, the curved blue line shows the results from evaluating the 

conditional logit at the 𝑦𝑦�𝐿𝐿𝐿𝐿𝐿𝐿 average outcome of the LPM sample.  This graph illustrates the fact that for 

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

 

 

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

The previous subsection showed that for a particular sample, the estimated results can depend 

importantly on specification choice.  We next consider the properties (bias, sampling variability, and 

accuracy of hypothesis testing) of the different specifications, in the context of a specific data generating 

process (DGP).  

For our simulations, the DGPs we continue with the two-sibling family setup. We assign to each 

family an "index value" 𝑥𝑥𝑖𝑖~𝑁𝑁(𝜇𝜇𝑥𝑥,𝜎𝜎𝑥𝑥2).  We also allow for an observable family variable, 𝑧𝑧𝑖𝑖, generated to 

have variance 1 and which may be correlated with 𝑥𝑥𝑖𝑖, 𝑐𝑐𝐿𝐿𝐻𝐻𝐻𝐻�𝑥𝑥𝑖𝑖,𝑧𝑧𝑖𝑖� = 𝜌𝜌.  For each sibling, we assign 

their individual index value to be 𝑥𝑥𝑖𝑖,𝑖𝑖 = 𝑥𝑥𝑖𝑖 − (𝛽𝛽𝐻𝐻𝑠𝑠𝐻𝐻𝐻𝐻 𝑆𝑆𝑠𝑠𝐻𝐻𝑆𝑆𝑠𝑠
𝑠𝑠𝑆𝑆𝑢𝑢𝑠𝑠 2⁄ ) + 𝛽𝛽𝐻𝐻𝑠𝑠𝐻𝐻𝐻𝐻 𝑆𝑆𝑠𝑠𝐻𝐻𝑆𝑆𝑠𝑠

𝑠𝑠𝑆𝑆𝑢𝑢𝑠𝑠 ∙ 1(𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻 𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻 = 1).  We 

set 𝛽𝛽𝐻𝐻𝑠𝑠𝐻𝐻𝐻𝐻 𝑆𝑆𝑠𝑠𝐻𝐻𝑆𝑆𝑠𝑠
𝑠𝑠𝑆𝑆𝑢𝑢𝑠𝑠 = 0.2.  We then assign to each individual a probability for the outcome 

variable,𝐿𝐿(𝑦𝑦 = 1) = Λ�𝑥𝑥𝑖𝑖𝑖𝑖�, with Λ(∙) the Logit CDF function, and then assigning a random outcome 

𝑦𝑦𝑖𝑖 ∈ {0,1} to that individual. 

We conduct 24 different simulations, covering all combinations of the following parameters: 

𝜇𝜇𝑥𝑥 ∈ {−1.5,−1,−0.5,0}; 𝜎𝜎𝑥𝑥 ∈ {0.5,1}; and 𝜌𝜌 ∈ {0,0.75,1}.  In each simulation we have 400 families, and 

we run 2000 MC reps per model.  Results are fairly similar across simulations, and so for brevity we 

present results for only one. 

Table 4 presents the results of our simulation for one of the models, with 𝜇𝜇𝑥𝑥 = 0, 𝜎𝜎𝑥𝑥 = 1, and 

𝜌𝜌 = 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 to the overall sample, is one of the best performing 

estimators, with a zero bias and a low RMSE.  However, estimating the LPM on 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 inferior to 

the Mundlak logit model.  Column 3 and 4 show that calculating the AMTE at the Logit sample mean 

outcome produces significant bias; and scaling down toward zero for the non-switchers results in an 

overcompensation and a negative bias.  In this model, computing the AMTE based on the 𝑦𝑦� of the 

full/LPM sample produces a modest bias (but still much larger than that of the LPM model in column 1).  

The two-step Random Effects model does the best of all of the models based on the Conditional Logit; 

but it still has a slightly larger bias than that of LPM. Finally, column 7 shows that the Mundlak-type logit 

model performs very well.  Overall, this table indicates that the models that produce the least bias are 

the LPM and Mundlak-type Logit model. However, the two-step Random Effects model is a reasonable 

non-linear alternative 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 most striking fact is that the specification choice (OLS/LPM versus 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 recover similar AMTEs.  However, to obtain the AMTEs using the Conditional Logit model 

requires significant care in going from "Logit βs" to AMTEs.  We present a new method to do so - a 2-

step Conditional-Logit Random Effects-Logit model.  This model performs adequately in our simulations, 

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

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

section, we recommend continued use of this method.  



23 
 

 

 

4. Effects of Head Start: Data 

We now turn to examining the impact of Head Start on long run outcomes, using a sample of individuals 

surveyed in the Panel Study of Income Dynamics (PSID)31. The Panel Study of Income Dynamics began in 

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 later in life. 

We begin our analysis with a sample constructed as in GTC. This sample includes all black or 

white individuals born between 1966 and 1977, and excludes Hispanic individuals. This sample is 

intended to be representative of the Head Start population during the early years of the program. 32 We 

provide a detailed description of our replication of GTC in Appendix A. Despite some minor differences, 

the two samples are qualitatively similar. The summary statistics are often within a third of a standard 

deviation of each other. Moreover, the estimated effects of Head Start in this sample are similar to 

those estimated in GTC.  Consistent with that study, 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, 

though in our case these are not statistically significant. However, we do not find a meaningful reduction 

in the probability of committing a crime resulting from participation in Head Start, and in fact in some 

subsamples find an effect in the opposite direction.33  On the whole the replication corresponds well 

with the original study. 

                                                                 
31 In particular, we make use of the 2011 cross-year files, and the 1968 to 2011 waves  of the PSID family interview files. 
32 As  pointed out in Garces et al. (2002), the number of immigrants was much smaller between the years 1960-1980, such that 
i t i s  unlikely that many Hispanic immigrants would have benefited from Head Start.  
33 However we believe these cases are driven by situations where there are rather few observations identifying the coefficients.  
As  such we believe that this lack of correspondence may be driven by very minor (and un-diagnosable) differences in 
specification and/or dataset construction. We return to this topic in more detail in section 5. 
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  For most of the analyses in this paper, we use a sample that substantially expands and modifies 

the GTC sample. The first modification is to include survey participants from the Survey of Economic 

Opportunity (SEO), which added an oversample of poor households. We discuss this decision in more 

detail in Appendix A. Second, we expand the sample to include individuals born between 1978 and 1987. 

The individuals in these cohorts were too young when the analysis in GTC was performed to observe 

their education 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 

analysis in order to gain a 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 distilling the measures to summary indices 

(see, e.g., Anderson 2008, Kling et al. 2007, Hoynes et al. 2012). This approach reduces the number of 

hypotheses tested, limiting concerns of multiple-hypothesis testing, and may increase the power of the 

analysis (Kling et al. 2007).   

We create four indices to capture economic and health outcomes observed for individuals at 

age 30 and 40. The “economic sufficiency index” includes measures of educational attainment, receipt 

of AFDC/TANF, food stamps, mean earnings, mean family income relative to the poverty threshold, the 

fraction of years with positive earnings, the fraction of years that the individual did not report an 

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.34 Note that we intentionally include both positive and 

negative measures of well-being in each index in order to be able to capture both reductions in 

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

The process of creating each index follows the procedure described in Kling et al. (2007). In 

particular, we standardize each component of the index by subtracting the mean outcome for non-

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.35 The summary index takes a 

mean of these standardized measures.  We also extract the first principal component of the 

standardized variables for “economic sufficiency” and for “good health”.  Later we use these as 

alternative outcome variables.36 

Table 5 reports sample descriptive statistics for the expanded sample we construct. For ease of 

comparison with our earlier replication, 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 outcomes in Table 6.  In each of these tables, the number of observations varies 

for each of the reported means; for parsimony, in the table we only report the number of individuals in 

the sample for whom we have information on their attendance of Head Start37.  A full accounting of the 

number of observations for each characteristic or outcome 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 
question; the number of observations for each reported mean is available in Table B.4. 
35 Cons istent with Kling et al. (2007), we generate a  summary index for any individual for whom we observe a response for one 
component of the index. Missing components of the index are imputed as the mean of the outcome conditional on treatment 
s tatus. For example, if a former Head Start participant is missing an outcome, it is imputed as the mean outcome of other Head 
Start participants. Likewise for other pre-school, or non-preschool participants. 
36 As  a l ternative measures of well-being, we generate four additional indices using the same four variable partitions (economic 
outcomes at 30,40; health outcomes at 30,40) analyzed in a principal component analysis. The extra  indices are created as a 
weighted average of the variables using the weights of the first principal component. 
37 The variable “ever booked or charged with a crime” was only collected in the 1995 wave, and so is only relevant for cohorts 
old enough to be at risk for that outcome by 1995. 
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5. Effects of Head Start: Empirical Strategy 

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

to identify the long term impact of the program. Following GTC, we estimate: 

 (1)   Yim = α + β1HeadStartim + β2OtherPre-Schoolim + Ximγ + δm + εim 

where Yim represents a long-term outcome for individual i with mother m. HeadStart indicates whether a 

child reports participation in the program, and OtherPre-School indicates participation in other Pre-

school (and no participation in Head Start) 38.  The vector Xim includes a large number of controls for 

individual and family characteristics to absorb differences in personal and household characteristics 

which may be correlated with one’s participation in Head Start and long term outcomes. These controls 

fall into three broad categories: demographics, including an individual’s year of birth, sex, race, and an 

indicator for being low birth weight; family background, such as mother and father’s years of education; 

and family economic circumstances during early childhood, including an indicator for having a single 

mother at age 4,  4-knot splines in annual family income for each age 0, 1, and 2, a fourth spline based 

on average family income between ages 3 and 6, indicators for mother’s employment status at ages 0, 1, 

and 2, and household size at age 4.39 δm is a mother fixed effect which enables comparisons across 

siblings with a shared mother. We estimate equation (1) using weights to make the sample 

representative of the national population,40 and cluster standard errors on mother. When Yim is a binary 

                                                                 
38 These two variables are in this way defined so as to be mutually exclusive, with “neither Head Start nor other pre-school” as 
the omitted category.  Since Head Start only became available in 1965, we recode Head Start attendance to be “other 
preschool” for the 1961 and older cohorts. 
39 Missing control variables are imputed at the mean. We include an indicator variable for these imputed observations. This is a  
more expansive set of covariates relative to GTC, which did not include controls for maternal employment or family income 
prior to age 3. 
40 Fol lowing Garces et a l. (2002), we generate representative population weights from the 1995 March CPS. 
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variable, we estimate linear probability models as a main specification and check the sensitivity of our 

results to alternative models. 

The coefficient of interest is β1, the impact of Head Start on long term outcomes compared to 

no preschool.41  These coefficients take on a causal interpretation under the assumption that within-

families, and conditional on other covariates, the child care decision across siblings is as good as 

random, and that the treatment effect does not spill over to siblings.42  

The standard test of the identifying assumption is to look 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. For the black sample, participation in Head Start is correlated with a greater likelihood of 

having higher income at age 1, and lower income at age 2. These correlations may raise concerns that 

black families may tend to send their children to Head Start after a rupture in the family or after an 

income shock, which may bias the estimated effects downward.43  However, given the many hypotheses 

being tested in this table, we acknowledge the possibility that these significant findings might be 

spurious.  Moreover, these results are somewhat sensitive, becoming insignificant when we drop 

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

 

                                                                 
41 For context we also present β2 in our tables, but we do not discuss those results. 
42 See Bound and Solon (1999) for a more extensive discussion of this issue. 
43 We find a  similar pattern of results when we restrict the sample to the early cohorts observed in Garces et al. (2002). See 
Table B1 for details. 
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6. Effects of Head Start: Results 

We present the results for high school attainment, attending some college, log earnings, and crime for 

the full, expanded sample in Table 7.  Column (1) presents results for the whole sample, column (2) for 

the subset of individuals for whom we observe siblings, column (3) adds mother fixed effects, and 

columns (4) and (5) maintain the same specification and stratify by race.44 We focus on results in 

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

Overall, the results indicate that Head Start does not have a statistically significant impact on 

many of these long term variables. One notable exception is that we do find that attending Head Start 

leads to a 12 percentage point increase in the probability of attaining some college for white children. 

Though the effect size is half of that estimated with the earlier sample, this effect is sizeable and 

economically important. Participation in Head Start does not have a statistically significant impact on 

high school attainment, earnings between ages 23-25, or on the probability of not having committed a 

crime. Nonetheless, these results imply that Head Start shows significant long term effects on this 

measure of education.  When we examine the outcome of college completion, we obtain insignificant 

negative point estimates for the pooled sample (beta = -0.033, se = 0.023), for black children (beta = -

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

One limitation of these results is that many of the estimates are relatively noisy, such that the 

95% confidence intervals allow for a sizeable 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 

a larger set of outcomes in a summary index.  Table 8 presents the results for economic and health 

                                                                 
44 Control  variables play an important role in absorbing observed heterogeneity, and therefore we include them in each of 
these specifications. This is a  slightly di fferent table set up than GTC or our replication of that paper, in which we omitted 
control  variables in the first two columns. 
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indices measured at age 30 and at age 40.45 The results suggest little support for a positive long term 

effect of Head Start.46 In fact, the only statistically significant relationship is of non-Head Start pre-school 

on economic sufficiency at age 30. It bears emphasizing, though, that the results are not precisely 

estimated, which limits our ability to place much confidence in the point estimates. In Section 5, we 

explore potential explanations for the lack of precision in our estimation, and other limitations of our 

findings. 

Motivated by the prior findings of differential effects by gender47, in Tables 9 and 10 we look to 

see whether our mean results are obscuring this form of heterogeneity in our setting. Curiously, in Table 

9, we find some evidence of negative effects of Head Start among men, in particular for health and 

economic outcomes at age 40. On the other hand, in Table 10, we find a positive and significant effect of 

Head Start on the probability that men attain some college. The effects estimated for women 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 is for economic outcomes 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 parallel table of results using the principal component outcomes in 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 of the economic sufficiency index at ages 30 and 40 and of 
the good health index at ages 30 and 40. Consistent with the index, we find few statistically s ignificant effects of Head Start for 
these components, with the exception of the attainment of some college for whites, and the fraction of the last 5 years with 
pos itive earnings at age 40 for blacks. It i s worth highlighting that we also examine the effect of Head Start on completing 
col lege, and find no statistically s ignificant effect. 
47 An additional source of potential heterogeneity in the results i s the vintage of Head Start which a  child attended. In Appendix 
Tables B.12 and B.13, we examine differential impacts of Head Start for “later cohorts,” defined as children born after 1977 (the 
median in the sample), and Appendix Table B.14 shows the results from an interaction with a  linear trend in cohort, where the 
trend i s normed to take on a 0 va lue for the 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 

higher among white children in families with 5 or more children.4849 One possible explanation for this 

heterogeneity is that children with higher initial endowments receive greater parental investments in 

larger families, and also benefit more from Head Start (Aizer and Cunha 2012). This implies that even 

without changing the specification from OLS to Fixed Effects, we would expect to have a larger 

estimated effect of Head Start in the within-family model due to the change in weighting.50 

For this sample, the OLS coefficient on Head Start is 0.049 (se=0.044), and the fixed effects 

coefficient is 0.120 (se=0.053).  The discussion above raises the question: how much of this change is 

due to “moving from bad variation (between families) to good variation (within families)”, and how 

much is due to changing the weighting across different effect sizes?  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-

specific coefficients fixed, but allow the composition of the sample to change. We do this for both the 

OLS specification with “All Weights”, the OLS weights for the whole sample, and the FE specification 

with “Switch Weights”, the weights for the FE sample. As a bridge we also compute this for the 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 Start is affected 

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

                                                                 
48 This specification also includes indicators for having 1, 2, 3, 4, 5+, or unknown number of children. 
49 Table B.15 contains the equivalent results for the whole sample. 
50 To investigate whether the greater returns to Head Start among larger families were due to returns to other observables, we 
estimated an auxiliary model with interactions between Head Start treatment and family size, and additionally interactions 
between Head Start and a set of dummies for terciles of an index of SES.  The results indicate that treatment effect 
heterogeneity i s driven by family s ize instead of the other observables. 
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specification.  These weights are shown in Panel columns (4)-(6) of Table B.1651. We verify that these 

weights work as intended, 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 extent to which the change in coefficients from the cross-section to the fixed effects specification is 

due to a change in the identifying variation or a change in the LATE. Specifically, in column 1 the 

coefficient increases from 0.04652 to 0.069 simply by altering the weighting scheme to match the 

implied regression weights of the fixed effects sample. Then, moving from column 1 to column 2, the 

change in the identifying variation increases the coefficient further from 0.069 to 0.123. Thus, roughly 

one-third of the change in the coefficient is 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. It indicates that the Head Start leads to an 8.3 p.p. increase in some college attendance for 

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

Next, we examine whether switcher families differ from non-switcher families on other 

dimensions of observable characteristics, focusing on the sample of white families. Table B.17 indicates 

that in addition to having a larger family size, children in switcher families tend to have parents with 

significantly less education than children in non-switcher families (columns 4 and 5). These differences in 

parental education are significant even once we have accounted for family size (columns 6 and 7). We 

also see that the family income during pre-school of children in switcher families is significantly lower 

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

                                                                 
51 These vary s lightly from Table 3 because they are only for the 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 controls for family s ize in the former regressions. 
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Start), but significantly higher than children that attended Head Start in non-switcher families. Similar 

patterns are also present when we repeat this analysis for the whole sample in Table B.18.  

In Table B.19 we hone our comparisons to ask whether conditional on attending Head Start, 

individuals from switcher families are observably different from non-switcher families. 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 larger families (column 5). One possible interpretation of 

these results is that 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 from the switcher sample. 

 

7. Conclusion 

Family Fixed Effects (FFE) are frequently used to obtain causal identification of an attribute, 

intervention, or policy, the ̀ `treatment” of interest. In this paper, we present new results regarding 

across-family selection into identifying variation when the treatment is binary, which has implications 

for the external validity of FFE.  Because this method requires within-family variation in treatment, the 

FFE design induces a selection (at the level of the family) into the identifying sample.  

We show that the selection into identifying variation causes has a meaningful change in the 

types of families that identify treatment effects. First, the number of observations used for identification 

may be significantly smaller than the sample size typically reported. Further, the loss of sample variation 

is systematically related to observables – it is lowest for families whose probability of treatment is 

closest to 0.5, and grows as treatment probabilities approach 0 or 1. Second, we show that the LATE 
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obtained by this approach is based more heavily on larger families, due to the fact that “switchers” are 

much more likely to occur in 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 a starting point for the sensitivity analysis, we 

present a new method to recover AMTEs following a Conditional Logit estimation, using a second-step 

Random Effects Logit estimation.  We compare the performance of alternative specifications in the 

context of our empirical example as 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 not limited to the PSID and 

Head Start.  When researchers are employing a family fixed effects design, we argue that best practice 

should employ the following steps:  (1) clearly show not only 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 “switching sample” and the overall sample; (3) if 

using a Logit or Probit model for binary 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 showing a diagnostic graph along the 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)  consider a “reweighting” of family-size OLS specific estimates to show the impact of the 

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

In our application, we present results on the long run impacts of Head Start using data from the 

PSID.  Relative to prior evaluations of Head Start using FFE and the PSID, we use a sample three times as 

large in size, 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 in the likelihood of attending some college for white children. Using our reweighting approach, 

we estimate that the FFE is 50% larger than the AMTE for the representative sibling sample. However, in 

contrast to previous findings, we find no significant improvements in high school completion or 

reductions in criminal activity.  We also find no significant impacts on several summary indices of long 

run economic and health outcomes (results suggest negative point estimates), or on college completion.  

We interpret our findings as pointing toward “increased uncertainty” rather than “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.1. Summary 

In this appendix we describe the results of our replication of Garces, Thomas and Currie (2002) (GTC), 
which comprises the starting point for this project. An explanation of our replication strategy is in the 
next appendix. 

 Table A.1 below shows the summary statistics for our preferred specification, which can be 
compared to Table 1 of GTC, included as Table A.2. In general, the results across the two tables are 
similar, albeit not identical. The most notable difference is that we find a lower share of respondents use 
Head Start, although the difference is smaller for the sibling sample. The shares of respondents who 
graduate high school and college are higher in our sample than in GTC. We report average earnings from 
age 23-25 in nominal terms as well as adjusted to 1999 dollars. Our adjusted earnings are consistently 
higher than GTC's reported adjusted earnings, but our unadjusted earnings are quite close to their mean 
adjusted earnings. We suspect that GTC may have reported unadjusted earnings, although it is also 
possible that the discrepancy is due to a slightly larger sample of individuals with earnings in GTC’s 
sample. Again, the number of observations we report in the final row of the table is based on the 
number of individuals responding to the Head Start participation question. 

Our main results are our replication of GTC's Table 2. Note that in each of the regressions we 
cluster along the family identifier in column 1, as opposed to by common mother, because not all 
observations have a mother identified. We cluster on mother for the rest of the columns. Table A.3 
below shows the regression results. 

Our regression results are qualitatively similar, especially for the 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 significant result, 
though ours is slightly smaller. The result in Column (6), which GTC find to be positive and significant, we 
do not find significant. Our results for the college outcomes are aligned with the findings in GTC. The 
magnitudes that we report are not statistically different than GTC and in particular we replicate the key 
finding that Head Start influences college going for white children and not for black children. Our 
replication of Panel C is qualitatively similar to GTC. We do not find a statistically significant decrease in 
black crime rates as GTC do53, 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 C replication) are quite different than GTC, but this may be due to 
differences in how we defined earnings rather than differences in our samples. This is apparent in the 
fact that we have many fewer observations than GTC beginning from column 2 onward, about 24% 
smaller in column 2 and 48% smaller in column 8.  

A.2. Replication Methodology  

Note: things to check are highlighted. There are some smaller tables here, too, so we’ve just included 
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 coefficients in Panel D of GTC multiplied by negative one. 
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The purpose of this appendix is to document the process of replicating Garces, Thomas and 
Currie (2002) (GTC) for future scholars wishing to repeat our steps and as a jumping off point for this 
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 on these iterations. We also further information 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 that forms the basis for the analysis in 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 (``crossyear individual files"). We merge the family files to the cross-year 
individual files using the ̀ `case id’’ number, which is present both on the individual and family files. We 
also merge responses of an individual's mother and father from the crossyear file for those individuals 
whose mother or father have been identified in the PSID crossyear file.  

The result is a dataset with 71,285 individual observations, each of which contains the personal 
responses of an individual over time, 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 dataset includes the Survey of Economic Opportunity ̀ `poverty oversample" and the 
Latino oversample, two populations specifically targeted by the PSID in order to improve the 
representativeness of the survey. 

Next, we construct the variables needed to define our sample. GTC delineate the specifications 
for their sample throughout the paper, and in particular we rely on their descriptions in Section II and 
footnotes 4 and 7. A key stratifying variable in GTC is race, which is also a limiting factor for the sample 
size since the GTC sample is restricted to only black and white individuals (see footnote 4 of GTC). 
Unfortunately, the PSID does not assign a race to each individual, so race must be imputed from the 
annual family responses about race. Specifically, the PSID surveys families about the race of the head 
and wife of the head of household, so an individual's race can only be identified if that individual 
becomes a head of household or his wife. Otherwise we must infer the race of the individual through 
their relation to the head of household or his wife. The process of identifying race from the responses of 
other family members can be done at any age and from a variety of different family members, so we 
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 over those two dimensions below in Table A.5. 

We also exclude the Latino oversample in accordance with GTC's footnote 4.54 

The second limiting criterion is the age of individuals. GTC include respondents aged 18 and over 
in 1995, which results in a 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 a few different ways 
with PSID variables, we develop three candidate limitations on age and year of birth for individuals in 
our sample. We describe the criteria which define these alternative candidates in Table A.6. 

                                                                 
54 GTC footnote 4 s tates that ̀ `we have excluded Hispanics from this s tudy". 
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The third criterion is to identify sets of siblings within the remaining sample that comprise the 
``siblings subsample." Since the identification strategy relies on the inclusion of a mother fixed effect, 
we define siblings as any two individuals who satisfy the race and age criteria for the sample and have 
the same unique mother identification number. The mother identification number is a combination of a 
family identifier and a personal identifying number which is assigned by the PSID. Individuals that do not 
have a mother identification number are excluded from the sibling subsample. 

Next, we flag observations from the SEO poverty oversample with the intention of excluding 
them as GTC do.55  We ultimately do not exclude these observations because comparisons of the sample 
statistics with and without the SEO sample make us speculate that the results in GTC were generated 
from a sample that included the SEO sample. 

We construct sample weights using CPS weights to make the sample representative of the 1995 
white and African-American populations.56 Specifically, we collapsed the 1995 CPS weights to age-race-
sex cells (year of birth is not available) and merge the cell weight onto each observation of our sample. 
Then, we divide the cell weight by the number of individuals in that age-race-sex cell who are in our 
sample and the resulting individual weight is what we use for our analysis. 

 

A.2.2 Search for identical dataset construction 

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

Our search iterations hinge on four parameters: inclusion or exclusion of the SEO oversample; 
the algorithm for identifying an individual's race; the criteria for age; and the order in which we dropped 
observations and weighted the sample. For this last parameter, we weighted the sample before 
dropping the Latino oversample as well as after. We do not present the results for the variations on this 
final parameter because 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 our iteration of the summary statistics results for a select 
set of variables. Our goal was to match the results to Table 1 in GTC, reproduced on the first row of the 
table. The number of observations we report is for the variable for Head Start participation, although 
some variables have fewer observations. For example, over half the observations for the income 
variable are missing. GTC also report one N for each column, although they also likely had fewer 
observations for variables like income.57 

Our sample is weighted based on race, gender, and age variables from the CPS, so we expect 
that the mean values for the weighted PSID sample should be similar to the CPS means. We include the 
CPS means for the three variables as a comparison. The definitions for age and race are as described in 
the previous section. 

                                                                 
55  See GTC footnote 4. 
56 GTC describe in their footnote 4 that the weights are ̀ `constructed so that the joint distribution of race, sex, and year of birth 
in our sample matches the joint distribution in the 1995 CPS." 
57 See GTC footnote 15. 
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There are a number of conclusions we draw from this table. First, we speculate that the 25.17 
percent black reported in GTC is, in fact, 15.17 percent, which is much closer to the CPS means. Second, 
inclusion of the SEO oversample adds approximately 1,500 observations to our sample and brings us 
quite close to the size of the sample and sample means reported in GTC. 

 

As we had hoped, moving from iteration to iteration 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 30 to 50 observations, an approximately 1.5 percent increase in sample size. The 
specification of age is also important for defining the sample size. For example, the movement from row 
1, 1, 2 (N=3,286) to 1, 2, 2 (N=3,548) is an eight percent increase, and the subsequent movement to row 
1, 3, 2 (N=4,187) is an 18 percent increase. 

Despite the variability in sample size, our sample characteristics are not sensitive to the 
decisions along each of these dimensions. Additionally, while our results for these select variables are at 
times statistically different than those of GTC, we remain close to the magnitudes that they report. 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 when we include the SEO oversample. The exception to this pattern is Head Start 
participation. The SEO oversample increases the share of respondents who were in Head Start to close 
to nine percent, which is still lower than the 10.57 percent reported in GTC. We were unable to replicate 
this high incidence of Head Start participation throughout the iteration process, including in iterations 
not reported here.  

We also performed iterations on the regression models from GTC's Table 2. GTC conduct a 
similar regression for each of four outcome variables: high school graduation, college graduation, crime, 
and later earnings. 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 other hand, compiling a 
consistent variable for earnings is trickier. Here we present results for one of our regressions, but in 
general we were not able to replicate the findings for this outcome variable. 

There are eight different models in GTC. The first three are on the full sample, the sibling 
sample, and the sibling sample with controls. The next five models use mother fixed effects: first on the 
full sample, then the full sample split by whether the mother was white or black, and finally for the 
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 as race definitions for definitions 4 and 5 as defined in the previous section. 
For each regression the corresponding result from GTC is shown on the first row.  

Our regression results are qualitatively similar, especially for the larger samples (panel A). GTC 
found few statistically significant results, one of which was a negative effect of Head Start on high school 
completion (result A.1). We, too, replicate this negative and significant result, though ours are smaller. 
As can be noted in result A.4, our models using later earnings were similar to those in the paper. The 
result in B.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 interval they use.  
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Among our various iterations, the results are stable. Only the result in A.1 has a difference of 
one standard error between estimates, with the rest of these results never straying more than half a 
standard error from each other.  

 

Final dataset restrictions 

Given our iteration exercises, our preferred sample definition includes the SEO poverty 
oversample, uses age definition 1 and uses race definition 5 as explained in the first section of this 
appendix. Our choice of age and race definitions is appropriate for three reasons. First, they replicate 
the GTC adequately. Second, they are a reasonable method for a researcher not attempting to replicate 
findings. Third, they result in large samples, which is important for additional analyses.  

 

More on the data 

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

 

http://simba.isr.umich.edu/Zips/ZipMain.aspx


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

p10 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 (π) 0.157 0.222 0.195 0.206 0.182

Share with Switching 0.121 0.202 0.242 0.471 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 Blk, 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 Index, age 30
Head Start -0.147∗∗∗ -0.117∗∗ -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 Index, 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 Blk, 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 Index, 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 Earnings 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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Notes: Size of bubbles represents number of individuals (unweighted). N = 211 individuals across 70
families. Source: Panel Study of Income Dynamics, 1968-2011 waves.



Figure 4: Probability Family is in Switcher Sample as Function of π
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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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families. Source: Panel Study of Income Dynamics, 1968-2011 waves.

Figure 6: Illustrative Model: Additional Comparisons of LPM and Conditional Logit TE



III 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) (5) (6) (7) (8)
All Sibs Controls Mom FE Blk, FE Wht, FE Blk, l.e. HS Wht, l.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

ln(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
51 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
2 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 22.950 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 0.153 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
criteria and two race criteria are explained in detail in the previous table. Source: Panel Study of Income Dynamics,
1968-2011 waves.



Table A.9: PSID Variables used in the analysis

Our Variable PSID Original Variable Description (derived
variable)

Source

id1968 ER30001 Family identifier Indiv. Cross year
pernum ER30002 Personal identifier Indiv. Cross year
relation1968-
relation2001

ER30003, ER30022, ER30045, ER30069,
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

Relation to head Indiv. Cross year

caseid1968-
caseid2011

ER30020 ER30043 ER30067 ER30091
ER30117 ER30138 ER30160 ER30188
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

Fam. Intervew Num-
ber

Indiv. Cross year

edu1968-
edu2011

ER30010 ER30052 ER30076 ER30100
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

Yrs. Education Indiv. Cross year

age1995 ER33204 Age in 1995 Indiv. Cross year
birthyr1995 ER33206 Birthyear in 1995 Indiv. Cross year
headstart1995 ER33261 Head Start Response

in 1995
Indiv. Cross year

preschool1995 ER33264 Preschool Response
in 1995

Indiv. Cross year

preschool1995 ER33266 Crime Response in
1995

Indiv. Cross year

sex ER32000 Sex Indiv. Cross year
momid1968 ER32009 Mother’s Family ID Indiv. Cross year
mompernum ER32010 Mother’s Personal

ID
Indiv. Cross year

dadid1968 ER32016 Father’s Family ID 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

crime1995 ER33266 Committed/Charged
with Crime

Indiv. Cross year

parityofmom ER32013 Parity of mom (El-
dest)

Indiv. Cross year

h edu1968-
h edu2011

V313 V794 V1485 V2197 V2823 V3241
V3663 V4198 V5074 V5647 V6194 V6787
V7433 V8085 V8709 V9395 V11042
V12400 V13640 V14687 V16161 V17545
V18898 V20198 V21504 V23333 ER4158
ER6998 ER9249 ER12222 ER16516
ER20457 ER24148 ER28047 ER41037
ER46981 ER52405

Education of Head
(Mom, Dad Educa-
tion)

Family Interviews

w edu1968,
w edu1972-
w edu2011

V246 V2687 V3216 V3638 V4199 V5075
V5648 V6195 V6788 V7434 V8086
V8710 V9396 V11043 V12401 V13641
V14688 V16162 V17546 V18899 V20199
V21505 V23334 ER4159 ER6999 ER9250
ER12223 ER16517 ER20458 ER24149
ER28048 ER41038 ER46982 ER52406

Education of Wife of
Head (Mom Educa-
tion)

Family Interviews

h sex1968-
h sex2011

V119 V1010 V1240 V1943 V2543 V3096
V3509 V3922 V4437 V5351 V5851 V6463
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

Sex of Head (Single
mom)

Family Interviews

f tanf1994-
f tanf2011

ER3262 ER6262 ER8379 ER11272
ER14538 ER18697 ER22069 ER26050
ER37068 ER43059 ER48381

Family Received
AFDC/TANF last
year

Family Interviews

f fs1994-
f fs2011

ER3059 ER6058 ER8155 ER11049
ER14255 ER18386 ER21652 ER25654
ER36672 ER42691 ER48007

Family Received
Food Stamps last
year

Family Interviews

h cigs1986,
h cigs1999-
h cigs2011

V13442 ER15544 ER19709 ER23124
ER27099 ER38310 ER44283 ER49621

Cigarettes Per Day
of Head

Family Interviews

w cigs1986,
w cigs1999-
w cigs2011

V13477 ER15652 ER19817 ER23251
ER27222 ER39407 ER45380 ER50739

Cigarettes Per Day
of Wife of Head

Family Interviews

h wlbs1999-
h wlbs2011

ER15552 ER19717 ER23132 ER38320
ER44293 ER49631

Weight of Head
(BMI)

Family Interviews

w wlbs1999-
w wlbs2011

ER15660 ER19825 ER23259 ER27232
ER39417 ER45390 ER50749

Weight of Wife of
Head (BMI)

Family Interviews



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 ER8969 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 ER11727
ER15555 ER19720 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 ER52237

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
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Table B.1: Analytic Formulas for Illustrative Model

OLS/LPM Conditional Logit
β s01 − s10 ln( cs01

1−cs01
)

se2 1
F−1 [(s01 + s10)− 1

F (s01 − s10)2] s01+s10
F ·s01·s10

= 1
F−1(s01 + s10) +O(F−2)

Approx. t∗ for H0: TE=0
√
F s01−s10√

s01+s10

√
F ·s01·s10
s01+s10

· ln( cs01
1−cs01

)

TE at y s01 − s10 ln( cs01
1−cs01

) · y(1− y)

β, LPM for “LHS switchers” 2cs01 − 1 = s01−s10
s01+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)

ln(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)

ln(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 Index, 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

ln(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

ln(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 Index, 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 587 2661 2528

Inputs to Good Health Index, 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 Blk, 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 Blk, 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∗∗∗ 0.285∗∗∗ 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 Blk, 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 Blk, 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 930 698 300 398

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 884 398 486

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 413 703

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 Index, 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

CX 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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