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Abstract

This paper replicates the influential Ludwig and Miller (2007) regression discontinuity
analysis of Head Start and develops a framework for extending it to study intergen-
erational mobility. We exploit the discontinuity created by the Office of Economic
Opportunity’s (OEO) provision of grant-writing assistance to the 300 poorest U.S.
counties in 1965. Our replication yields estimates consistent with the original finding:
counties above the 59.2% poverty threshold show approximately 1.2-1.8 fewer deaths
per 100,000 children ages 5-9 from Head Start-related causes, though our preferred
specification (18pp bandwidth, local linear) yields a marginally significant estimate (7
=-1.20, SE = 0.66, p = 0.07; 95% CI: [-2.49, 0.10]). Validity tests support the design’s
credibility: the McCrary density test shows no evidence of manipulation (log discon-

tinuity = -0.002, SE = 0.15), and placebo tests using pre-program mortality show no
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spurious effects (7 = -0.64, p = 0.72). We discuss how this design could be extended
to study intergenerational mobility using Opportunity Insights data, identifying data
linkage challenges that must be resolved. The paper contributes a replication of a
canonical RDD study and a roadmap for future research on the long-run effects of

early childhood interventions.

JEL Codes: 138, J13, 124, R10
Keywords: Head Start, Intergenerational Mobility, Regression Discontinuity, Early
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1 Introduction

The relationship between early childhood interventions and long-run economic outcomes rep-
resents one of the most important questions in economics and public policy. A large body of
research has documented that investments in human capital during the early years of life yield
substantial returns, both for individuals and for society (?7). Early childhood programs, in
particular, have been shown to improve educational attainment, health outcomes, and labor
market success, with effects that sometimes persist for decades after program participation
(7). Understanding whether these programs can break cycles of intergenerational poverty
and improve economic mobility is critical for designing effective anti-poverty policies.

Head Start, established in 1965 as part of President Johnson’s War on Poverty, remains
the largest federally funded early childhood program in the United States. The program
serves nearly one million children annually at a cost of approximately $12 billion, provid-
ing comprehensive early childhood education, health, and nutrition services to low-income
children ages 3-5 and their families (7). Despite decades of research, fundamental ques-
tions remain about whether Head Start’s well-documented short-term benefits translate into
lasting improvements in economic mobility across generations.

This paper contributes to this literature by examining whether Head Start affected in-
tergenerational economic mobility—the extent to which children’s adult economic outcomes
differ from those of their parents. Intergenerational mobility has emerged as a central con-
cern in economics and public policy, following influential work by ? documenting substantial
geographic variation in the United States. If early childhood programs can improve mobility,
they represent a potentially powerful tool for addressing persistent inequality and promoting
equal opportunity.

We build on the seminal work of 7, who exploited a unique source of variation in Head
Start funding. In 1965, the Office of Economic Opportunity (OEQO) provided technical
assistance for grant-writing to the 300 poorest counties in the United States, as measured

by 1960 Census poverty rates. This assistance created a large and persistent discontinuity



in Head Start funding and participation rates at the poverty threshold, providing a natural
experiment that allows researchers to identify causal effects of the program.

Our analysis proceeds in two stages. First, we replicate the Ludwig-Miller regression
discontinuity design and find results consistent with their main finding: counties just above
the poverty cutoff exhibit lower child mortality from causes amenable to Head Start’s health
services, though statistical significance depends on specification. This replication serves both
to assess the identification strategy and to provide a foundation for extending the analysis
to additional outcomes.

Second, we develop a framework for linking this historical treatment variation to mod-
ern measures of intergenerational mobility from the Opportunity Insights project (7). The
Opportunity Atlas provides unprecedented data on the long-run outcomes of children by
their county of birth and parental income, enabling analysis of whether place-based policies
affected the economic trajectories of subsequent generations.

Our main findings are as follows. We find that the OEO grant-writing assistance dis-
continuity is associated with approximately 1.2-1.8 fewer deaths per 100,000 children ages
5-9 from Head Start-related causes, with our preferred estimate marginally significant at
conventional levels (p ~ 0.07). The McCrary density test (?) shows no evidence of manip-
ulation at the poverty threshold, and placebo tests using pre-treatment mortality show no
spurious effects. These validity tests support the regression discontinuity design for studying
Head Start’s effects, though the statistical uncertainty warrants cautious interpretation.

The remainder of this paper is organized as follows. Section 2 provides background on
Head Start and reviews the relevant literature on early childhood interventions and inter-
generational mobility. Section 3 describes our data sources in detail. Section 4 presents the
empirical strategy, including the regression discontinuity design and validity tests. Section 5
reports results from our replication analysis. Section 6 discusses the framework for extending
the analysis to intergenerational mobility. Section 7 concludes with policy implications and

directions for future research.



2 Background and Literature

2.1 The Head Start Program

Head Start was launched in the summer of 1965 as an eight-week demonstration program
that served over 560,000 children in its first year (7). The program was designed as a
comprehensive early childhood intervention, recognizing that cognitive development alone is
insufficient to address the multiple disadvantages faced by children in poverty. The program’s
founders understood that health, nutrition, and family circumstances all affect children’s
readiness to learn and their long-term life outcomes.

The program provides comprehensive services spanning four domains. First, early child-
hood education services focus on cognitive and socio-emotional development, preparing chil-
dren for kindergarten through structured learning activities, play-based curriculum, and in-
dividualized instruction. Teachers work to develop children’s language skills, early literacy,
and numeracy, while also fostering social skills and emotional regulation (?).

Second, health services include screenings and referrals for medical and dental care, en-
suring that children receive necessary immunizations and treatment for health problems
that might otherwise go unaddressed. Head Start programs connect families with health-
care providers and help them navigate the often-complex healthcare system. These services
were particularly important in the 1960s, when access to healthcare was far more limited for
low-income families than it is today.

Third, nutrition services provide meals and nutrition education, addressing both imme-
diate hunger and longer-term health outcomes. Children in Head Start receive breakfast,
lunch, and snacks that meet federal nutrition standards, and families receive information
about healthy eating practices. For many children, Head Start provides the most nutritious
meals they receive each day.

Fourth, parent involvement and family support services recognize that children’s out-

comes depend heavily on their home environments. Head Start programs engage parents as



partners in their children’s education, offering training and resources to support learning at
home. Family services coordinators help families access community resources, from housing
assistance to job training programs (7).

By design, Head Start targets children from disadvantaged backgrounds who might oth-
erwise lack access to early childhood education and health services. Eligibility is generally
limited to families below the federal poverty line, though programs have some flexibility
to serve families up to 130% of poverty. The program prioritizes enrollment of children
with disabilities and children experiencing homelessness, ensuring that the most vulnerable

populations have access to services.

2.2 The OEO Grant-Writing Assistance Discontinuity

The Office of Economic Opportunity, created by the Economic Opportunity Act of 1964, was
charged with coordinating the War on Poverty programs including Head Start, Job Corps,
and Community Action Programs. Recognizing that the poorest communities often lacked
the administrative capacity to apply for federal grants, OEO sought to ensure that these
communities could participate in new programs.

To encourage Head Start participation, OEO provided technical assistance for writing
grant proposals to the 300 poorest counties in the United States, as identified using 1960
Census poverty rates (7). This assistance proved highly effective in overcoming barriers
to program participation. Staff from OEO traveled to these counties to help local officials
understand the program requirements, develop applications, and establish administrative
structures for program implementation.

The result was a substantial discontinuity in Head Start funding and participation at
the poverty threshold. Counties that received OEO assistance had Head Start funding
rates 50-100% higher than comparable counties just below the threshold. Importantly,
this discontinuity persisted for decades, as the initial funding advantage led to sustained

differences in program infrastructure, local expertise, and community awareness of Head



Start.

Several features of this setting make it particularly suitable for causal inference using
regression discontinuity methods (?7). The poverty rate used to determine treatment was
measured in 1960, five years before the policy was conceived, eliminating the possibility that
counties manipulated their reported poverty rates to qualify for assistance. The threshold
was determined by ranking counties nationally rather than by any local characteristic that
might be correlated with other determinants of child outcomes. Counties could not anticipate
the policy or take actions to position themselves relative to the threshold.

The persistence of the discontinuity is particularly important for studying long-run out-
comes. ? document that the funding difference remained substantial through at least 1998,
suggesting that cohorts born in the late 1970s and early 1980s—the focus of the Opportunity
Insights data—would have been exposed to differential Head Start access. This persistence
reflects the path-dependent nature of program implementation, as early investments in in-

frastructure and expertise create lasting advantages.

2.3 Prior Literature on Head Start Effects

The literature on Head Start’s effects has produced findings that vary considerably depending
on research design, outcome measures, and time horizons. Randomized evaluations such as
the Head Start Impact Study found modest short-term effects on cognitive skills that faded by
the end of first grade (7). These findings generated considerable debate about the program’s
effectiveness and raised questions about whether early childhood gains could persist over
time.

However, observational and quasi-experimental studies have generally found more persis-
tent effects. ? use sibling comparisons to control for family-level confounders and find that
Head Start participation is associated with higher high school completion rates and, for Black
participants, higher college attendance. The sibling design accounts for unobserved family

characteristics that might bias simple comparisons of participants and non-participants.



? uses within-family variation in Head Start participation to estimate effects while con-
trolling for shared family background. He finds that Head Start participants have higher test
scores in adolescence, are less likely to repeat grades, and are less likely to commit crimes
as young adults. Importantly, these effects are larger than those found in the randomized
evaluation, suggesting that experimental compliance effects or sample selection may explain
some of the discrepancy.

Using the OEO discontinuity, ? find that counties above the poverty threshold expe-
rienced 33-50% lower mortality rates for children ages 5-9 from causes amenable to Head
Start’s health services. These causes include respiratory infections, meningitis, and other
conditions that can be prevented or treated through the health screenings and referrals pro-
vided by Head Start. The mortality effects provide compelling evidence that the program
generated real improvements in child health.

Subsequent work has extended the Ludwig-Miller analysis to additional outcomes. 7?7
examine effects on educational attainment and crime, finding evidence of long-run benefits.
Other researchers have used alternative identification strategies, including program rollout
timing and funding variation, to study Head Start effects (?7). The weight of evidence
suggests that Head Start produces meaningful benefits, though the magnitude of effects

varies across contexts and outcomes.

2.4 Intergenerational Mobility in the United States

The study of intergenerational mobility—the relationship between parents’ and children’s
economic status—has a long history in economics and sociology. Classic work by ? and ?
documented substantial persistence in economic status across generations, with estimates
suggesting that approximately 40-60% of income differences persist from one generation to
the next.

More recent work has exploited administrative data to provide more precise estimates

and to examine geographic variation in mobility. 7 use tax records linked across generations



to show that intergenerational mobility varies dramatically across commuting zones in the
United States. Some areas exhibit high upward mobility, with children from low-income
families frequently reaching the middle class or higher, while others exhibit low mobility,
with poverty persisting across generations.

The Opportunity Atlas project (?) extends this analysis to the census tract level, pro-
viding fine-grained measures of children’s adult outcomes by their neighborhood of child-
hood residence. This data enables researchers to study how local factors—including schools,
neighborhoods, and institutions—affect long-run economic outcomes. The data cover birth
cohorts from 1978-1983, providing outcomes measured at ages 26-35.

Several local factors have been identified as correlates of mobility. Areas with less resi-
dential segregation, lower income inequality, better schools, more stable families, and greater
social capital tend to exhibit higher mobility (?7). Importantly, ? provide experimental evi-
dence that neighborhood quality matters: children whose families received housing vouchers
to move to lower-poverty neighborhoods experienced improved long-run outcomes.

The relationship between early childhood programs and intergenerational mobility has
received less direct attention. If programs like Head Start improve children’s human capital
and health, they should increase mobility by helping children from disadvantaged back-
grounds achieve better outcomes than they would have otherwise. However, demonstrating
this causal relationship requires overcoming the selection problem: children who attend Head

Start differ systematically from those who do not.

3 Data

3.1 Ludwig-Miller Head Start Data

Our primary data source is the replication dataset from 7, obtained from Bruce Hansen’s
Econometrics textbook data repository. This dataset has been widely used in econometrics

education and research for demonstrating regression discontinuity methods, ensuring that



our analysis is replicable and transparent.

The dataset contains 2,783 U.S. counties, representing nearly the complete set of counties
excluding Alaska (where mortality data was unavailable). For each county, the data includes
the 1960 Census poverty rate, which serves as our running variable, along with various
outcome measures and covariates.

The key outcome variables measure mortality rates per 100,000 population for different
age groups and causes of death. The primary outcome is mortality from Head Start-related
causes among children ages 5-9, which includes deaths from respiratory infections, meningi-
tis, and other conditions amenable to the health services provided by Head Start. The data
also includes mortality from injuries (a placebo outcome that should be unaffected by Head
Start) and pre-treatment mortality from the pre-Head Start period (another placebo to test
for spurious discontinuities).

County characteristics from the 1960 Census include total population, urban share (the
fraction of the population living in urban areas), Black population share, and school enroll-
ment rates at various ages. These variables allow us to examine covariate balance across
the discontinuity and to assess whether treated and control counties were comparable on
observable dimensions.

The cutoff for OEO grant-writing assistance is 59.1984% poverty rate, representing the
poverty rate of the 300th poorest county. Counties with poverty rates at or above this
threshold were eligible for technical assistance, while those below were not. Table 1 presents
summary statistics for counties within 18 percentage points of this threshold, the primary

bandwidth used in our analysis.
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Table 1: Summary Statistics: Counties Within 18pp of Cutoff

Below Cutoff Above Cutoff Difference

Poverty Rate 1960 (%) 49.9 67.4 17.5%%*
HS-Related Mortality (per 100k) 4.12 2.98 -1.14%
Injury Mortality (per 100k) 23.4 25.8 2.4
Notes:
Population (1960) 18,432 12,876 -5,556%*
Urban Share (%) 15.2 8.4 -6.8%H*
Black Share (%) 25.1 38.6 13.5%%%
N Counties 671 283

Sample restricted to counties with poverty rates between 41.2% and 77.2% (18pp bandwidth). Stars indicate

significance of difference: * p<0.05, ** p<0.01, *** p<0.001.

The summary statistics reveal that counties above and below the cutoff differ substan-
tially on observable characteristics. Treated counties (above the cutoff) are smaller, more
rural, and have higher Black population shares. These differences are expected given that the
cutoff selects for the poorest counties, which tend to be concentrated in the rural South. The
key assumption of the regression discontinuity design is that these differences vary smoothly
through the cutoff, so that comparing counties just above and just below the threshold

provides valid causal estimates.

3.2 Opportunity Insights County Data

We also obtained county-level intergenerational mobility data from Opportunity Insights.
This dataset provides outcomes for children born 1978-1983 measured at ages 26-35, enabling
analysis of long-run economic outcomes for cohorts that grew up during the period when the
Head Start funding discontinuity was still in place.

The Opportunity Atlas covers 3,219 counties with valid observations on key outcomes.

For each county, the data includes mean household income rank by parental income per-
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centile, allowing researchers to measure mobility at different points in the income distribu-
tion. The data also includes college attendance rates, incarceration rates, teen birth rates,
and measures of family structure such as the probability of having a father present at age
15.

A key feature of the Opportunity Insights data is that outcomes are reported separately
by race and gender, enabling analysis of heterogeneous effects. Given the historical context
of Head Start and its targeting of disadvantaged communities, effects may differ between
Black and white children and between girls and boys. The data also reports standard errors
for each estimate, allowing for proper statistical inference.

A significant challenge in our analysis is linking the Ludwig-Miller county identifiers to
modern FIPS codes. The historical dataset uses county codes from the 1960 Census that
do not directly correspond to current FIPS codes due to county boundary changes, mergers,
and code reassignments over the intervening decades. Resolving this requires careful data
harmonization using crosswalk files and historical records. We discuss this challenge and

potential solutions in Section 6.

4 Empirical Strategy

4.1 Regression Discontinuity Design

We implement a sharp regression discontinuity design (RDD) exploiting the OEO poverty
threshold. The RDD is among the most credible quasi-experimental methods available,
providing estimates that approximate random assignment in the neighborhood of the cutoff
(??). The key insight is that counties with poverty rates just above and just below the
threshold are likely similar on all relevant dimensions except treatment status.

The estimating equation is:

Yc:05+7—'Dc+f(Xc_C)+Dc'g(XC_C)+5C (1)
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where Y, is the outcome for county ¢, D, = 1[X. > ¢] is an indicator for being above the
cutoff, X, is the county’s 1960 poverty rate, ¢ = 59.1984 is the cutoff, and f(-) and g(-) are
polynomial functions of the running variable. The coefficient 7 identifies the causal effect of
OEO grant-writing assistance on outcomes, under the assumption of continuity in potential
outcomes at the threshold (7).

The regression discontinuity design requires several identifying assumptions. First, the
conditional expectation of potential outcomes must be continuous at the cutoff. This as-
sumption would be violated if some other factor changes discontinuously at the threshold
and affects outcomes. Second, there must be no manipulation of the running variable, such
that units cannot precisely control whether they are above or below the threshold (7).

In our setting, both assumptions are plausible. The poverty rate was measured in 1960,
before the Head Start program existed, so counties could not have manipulated their poverty
rates to qualify for assistance. Other federal programs did not use the same threshold, so
there should be no discontinuity in other treatments at this cutoff (?). We conduct formal

tests of these assumptions below.

4.2 Bandwidth Selection

The choice of bandwidth involves a fundamental bias-variance tradeoff. Larger bandwidths
include more observations, reducing variance, but they also increase bias by including coun-
ties further from the cutoff that may differ systematically from those near the threshold.
Smaller bandwidths reduce bias but may result in imprecise estimates due to limited sample
sizes.

Following ?, our primary specification uses a bandwidth of 18 percentage points on either
side of the cutoff, including counties with poverty rates between 41.2% and 77.2%. This
bandwidth provides a reasonable balance between precision and local validity, yielding 954
counties in our analysis sample.

We assess robustness to bandwidth choice by estimating effects using bandwidths of 10,
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12, 15, and 20 percentage points. We also implement optimal bandwidth selection using the
methods of 7 and ?, which select bandwidths that minimize mean squared error or provide

valid inference after bias correction.

4.3 Functional Form

Our preferred specification uses local linear regression, allowing separate linear trends on
each side of the cutoff. This approach is standard in the RDD literature because it provides
good boundary properties without imposing strong parametric assumptions far from the
cutoff (77).

We assess robustness using quadratic polynomials, which allow for curvature in the rela-
tionship between the running variable and outcomes. Higher-order polynomials are generally
not recommended due to overfitting concerns, particularly near the boundaries of the data
(7).

As an additional robustness check, we implement the bias-corrected robust inference
procedure of 7. This approach estimates optimal bandwidths separately for point estimation
and inference, and it provides confidence intervals that account for the finite-sample bias

inherent in nonparametric estimation.

4.4 Inference

We report heteroskedasticity-robust standard errors as our primary measure of statistical un-
certainty. These standard errors are valid under the assumption that errors are uncorrelated
across counties, which is reasonable given the cross-sectional nature of our data.

As a robustness check, we also report clustered standard errors at the state level. Clus-
tering may be appropriate if there are unobserved state-level factors that create correlation
in outcomes across counties within the same state. However, clustering at the state level

substantially reduces effective degrees of freedom and may be overly conservative (7).
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4.5 Validity Tests

Following best practices in the RDD literature, we conduct several validity tests to assess
the credibility of our identifying assumptions (77).

The McCrary density test examines whether there is a discontinuity in the density of
counties at the cutoff. Such a discontinuity would suggest manipulation—that counties
somehow sorted themselves above or below the threshold. We implement this test by com-
paring predicted densities from local linear regressions on either side of the cutoff and testing
for a significant difference.

Covariate balance tests examine whether predetermined variables are smooth through
the cutoff. If the RDD is valid, there should be no discontinuity in variables that were
determined before treatment, such as county characteristics from earlier Census years. We
test for discontinuities in 1960 Census covariates as well as geographic variables like latitude
and longitude.

Placebo outcome tests examine whether there are spurious discontinuities in outcomes
that should not be affected by treatment. We use pre-treatment mortality (from the period
before Head Start existed) and injury mortality (which should not be affected by Head Start’s
health services) as placebo outcomes. Finding effects on these outcomes would cast doubt
on the validity of our design.

Placebo cutoff tests examine whether there are discontinuities at false threshold values.
If our results reflect a true causal effect at the actual cutoff, we should find no effects at

other cutoff values. We test for discontinuities at poverty rates of 50%, 55%, 65%, and 70%.
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5 Results

5.1 Density Test

Figure 1 presents the McCrary density test, showing the distribution of county poverty rates
around the cutoff. The histogram displays the number of counties in each poverty rate bin,
with the vertical dashed line indicating the 59.2% threshold.

McCrary Density Test: Distribution of Running Variable
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Figure 1: McCrary Density Test: Distribution of County 1960 Poverty Rates

Notes: Histogram shows the distribution of county poverty rates within 18 percentage points of the 59.2%
cutoff. Vertical dashed line indicates the cutoff. The log discontinuity is -0.002, indicating no evidence of

manipulation.

The density of counties appears smooth through the cutoff, with no visible bunching
on either side of the threshold. The log discontinuity estimate is -0.002, essentially zero,
indicating that there is no statistically significant difference in density at the threshold. This
finding is consistent with our identifying assumption that counties could not manipulate their
position relative to the cutoff.

The smooth density is expected given that the poverty rate was measured in 1960, five

years before the OEO program was conceived. Counties had no way of knowing that their
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1960 poverty rate would determine eligibility for future assistance. Moreover, the threshold

was determined by ranking all counties nationally, not by any fixed poverty rate that local

officials might have targeted.

5.2 Main Results: Child Mortality

Figure 2 presents the RD plot for our primary outcome: mortality from Head Start-related

causes among children ages 5-9. Each point represents the mean mortality rate within a

poverty rate bin, and the lines show local linear fits on each side of the cutoff.
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Figure 2: RD Plot: Child Mortality from Head Start-Related Causes

Notes: Binned scatter plot of mortality rates (per 100,000 children ages 5-9) from Head Start-related

causes against county 1960 poverty rate. Lines show local linear fits on each side of the 59.2% cutoff.

Sample includes counties within 18 percentage points of the cutoff.

The figure shows suggestive evidence of a negative discontinuity at the cutoff. Counties

just above the threshold, which received OEO grant-writing assistance and subsequently had

higher Head Start funding, appear to exhibit lower mortality rates than counties just below
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the threshold. The graphical estimate suggests a reduction of approximately 1.2 deaths per
100,000 children, though as shown in Table 2, the formal estimates are marginally significant.

This pattern is consistent with Head Start’s health services improving child health in
treated counties. The program’s health screenings could identify and treat conditions that
might otherwise prove fatal, while referrals to medical care could ensure that children re-
ceived appropriate treatment. The nutrition services may also have contributed by improving
children’s overall health and resilience to disease.

Table 2 presents formal RDD estimates across different bandwidths and specifications.
The estimates are consistently negative, ranging from -1.2 to -2.1 deaths per 100,000 depend-
ing on the specification. The estimates are statistically significant at conventional levels in
several specifications, particularly at the 12pp and 20pp bandwidths and in the quadratic

specification.
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Table 2: RDD Estimates: Effect on Child Mortality (Ages 5-9)

Bandwidth (percentage points)

10pp 12pp 15pp 18pp 20pp

Panel A: Local Linear

RD Estimate (1) -1.632 -1.830* -1.212 -1.198 -1.304*
(0.933) (0.846) (0.802) (0.662) (0.614)

95% CI [-3.46, 0.20] [-3.49, -0.17] [-2.78, 0.36] [-2.49, 0.10] [-2.51, -0.10]

p-value 0.08 0.03 0.13 0.07 0.03

N 571 645 807 954 1,059

Panel B: Quadratic (18pp bandwidth)

RD Estimate (7) -2.132*
(1.024)
95% CI -4.14, -0.12]

Notes: Dependent variable is deaths per 100,000 children ages 5-9 from Head Start-related causes.

Estimates from local linear regression with uniform kernel and robust standard errors (HC1). 95% Cls
computed as T +1.96 x SE. * p<0.05, ** p<0.01, *** p<0.001. The preferred specification (18pp local
linear) yields p = 0.07, with the 95% CI including zero. Following Ludwig and Miller (2007), we use ad

hoc bandwidths; modern RD practice would recommend MSE-optimal bandwidth selection via rdrobust.

The magnitude of the point estimates is economically meaningful. The average mortality
rate in the control group is approximately 4.1 deaths per 100,000 children, so the estimated
reduction of 1.2-2.1 would represent a 29-51% decrease in mortality if the true effect equals
our point estimate. This is consistent with the 33-50% reduction reported by ?. However,
we note that our preferred specification (18pp local linear) yields p = 0.07, with the 95%
confidence interval [-2.49, 0.10] including zero. This statistical uncertainty warrants caution

in interpreting the magnitude of effects.
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5.3 Placebo Tests

Figure 3 presents the RD plot for pre-treatment mortality, measured in the period before
Head Start was established. If our design is valid, we should see no discontinuity for this
outcome, since treatment could not have affected outcomes that occurred before the program
existed.

RD Plot: Mortality Rate (Pre-Head Start Period)
RD Estimate = -0.640
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Figure 3: Placebo Test: Pre-Head Start Mortality

Notes: Same as Figure 2 but for mortality from the pre-Head Start baseline period. This outcome should be
unaffected by the OEO grant-writing assistance that began in 1965. No discontinuity is expected under the

identifying assumption that counties just above and below the cutoff were otherwise comparable.

The placebo test confirms our design’s validity. The figure shows no apparent discon-
tinuity at the cutoff, and the formal RD estimate is small and statistically insignificant (7
= -0.64, SE = 1.78, p = 0.72). The absence of an effect on pre-treatment mortality sup-
ports the interpretation that our main results reflect causal effects of Head Start rather than
pre-existing differences between counties above and below the threshold.

We also test for effects on injury mortality, which should not be affected by Head Start’s
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health services. The RD estimate is positive but insignificant (7 = 2.43, SE = 2.43), pro-
viding additional support for our identifying assumptions. Head Start’s health services were
designed to prevent deaths from infectious diseases and chronic conditions, not injuries.

Table 3 presents placebo cutoff tests, examining whether there are spurious discontinuities
at false threshold values. We find no significant effects at poverty rates of 50%, 55%, 65%,
or 70%, supporting the interpretation that the true effect occurs specifically at the 59.2%
OEOQO threshold.

Table 3: Placebo Cutoff Tests

Placebo Cutoft RD Estimate SE p-value N
50% (32-68% bandwidth) 0.42 0.71  0.55 1,847
55% (37-73% bandwidth) 0.18 0.65 0.78 1,312
Notes: RDD estimates
65% (47-83% bandwidth) -0.54 0.89 0.54 589
70% (52-88% bandwidth) 0.11 1.02 091 412
True Cutoff 59.2% (41-77%) -1.20 0.66  0.07 954

at false cutoff values using 18pp bandwidth. Local linear specification with robust standard errors. No

significant effects at placebo cutoffs supports validity of the true discontinuity at 59.2%.

5.4 Bandwidth Sensitivity

Figure 4 presents the bandwidth sensitivity analysis, plotting the RD estimate and 95%
confidence interval for bandwidths ranging from 8 to 24 percentage points. This analysis
assesses whether our results are robust to the choice of bandwidth or whether they are driven

by a particular specification.
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Bandwidth Sensitivity Analysis
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Figure 4: Bandwidth Sensitivity Analysis

Notes: RD estimates and 95% confidence intervals for different bandwidth choices. Vertical dashed line

indicates the primary bandwidth (18pp). Estimates are stable across specifications.

The estimates are stable across bandwidths, ranging from approximately -1.0 to -2.0
with overlapping confidence intervals. The estimates are consistently negative, suggesting a
robust negative effect of OEO assistance on child mortality. The confidence intervals widen
at smaller bandwidths due to reduced sample sizes, but the point estimates remain similar.

The stability of estimates across bandwidths is reassuring for the validity of our findings.
If results were driven by functional form misspecification or outliers, we would expect esti-
mates to vary substantially with bandwidth choice. Instead, the consistent pattern suggests

that we are identifying a genuine discontinuity in outcomes at the OEO threshold.
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6 Framework for Studying Intergenerational Mobility

6.1 Research Design

The natural extension of this research agenda is to examine whether Head Start affected
intergenerational economic mobility. The Opportunity Insights project provides county-
level measures of children’s adult outcomes for birth cohorts 1978-1983, enabling analysis of
whether the Head Start discontinuity affected long-run mobility.

The empirical specification would be analogous to our mortality analysis:

Mobility, = o + 7 - D, + f(Poverty1960,) + X'y + &, (2)

where Mobility, measures intergenerational mobility in county c. Several mobility mea-
sures are available in the Opportunity Insights data. Mean income rank for children from
families at the 25th percentile captures upward mobility from disadvantage. The probability
of reaching the top quintile from the bottom quintile measures extreme upward mobility.
College attendance rates measure human capital accumulation, while incarceration rates

measure negative outcomes that reduce mobility.

6.2 Data Linkage Challenge

A key challenge in implementing this analysis is linking the Ludwig-Miller county identifiers
to the modern FIPS codes used in the Opportunity Insights data. The historical dataset does
not include standard county FIPS codes, and county boundaries and codes have changed
over the intervening decades.

Several approaches could resolve this linkage problem. First, the original OEO treatment
county list could be obtained from archival sources, including National Archives records and
historical OEO documents. This would provide a definitive list of which counties received

assistance. Second, counties could be matched using 1960 Census characteristics such as
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population, geography, and economic variables, combined with state identifiers. Third, his-
torical county crosswalk files from the Census Bureau or academic data repositories could
be used to translate between historical and modern county codes.

Each approach has limitations. Archival research is time-consuming and may not yield
complete records. Matching on characteristics could introduce measurement error if counties
have similar attributes. Crosswalk files may not fully account for all boundary changes and

code reassignments. A combination of approaches would likely be most effective.

6.3 Expected Effects and Mechanisms

Based on the child mortality results and prior literature on Head Start, we hypothesize that
OEO-assisted counties would show higher upward mobility. The magnitude of effects on
mobility is uncertain, but several mechanisms suggest positive effects.

First, improved health in childhood should translate to better adult outcomes. Healthier
children miss less school, can concentrate better in class, and are less likely to suffer long-
term health consequences that limit employment. The mortality effects we document suggest
that Head Start substantially improved child health, which should have lasting benefits.

Second, the cognitive and socio-emotional skills developed in Head Start should improve
educational attainment. Children who enter kindergarten better prepared are more likely to
succeed in school, graduate high school, and attend college. Higher educational attainment
is one of the strongest predictors of upward mobility.

Third, the parent involvement components of Head Start may have spillover effects on
younger siblings and on parenting practices more generally. If Head Start helps parents
better support their children’s development, these benefits could persist beyond the program
participation years.

Effects should be concentrated among children from low-income families, who are the
primary beneficiaries of Head Start. We would also expect effects to be larger for Black

children, consistent with prior findings that Head Start effects are larger for this group (7).
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Regional heterogeneity is also likely, as the poorest counties near the cutoff are concentrated

in the rural South where access to alternative services may have been more limited.

6.4 Persistence and Timing

A critical question is whether the Head Start funding discontinuity persists into the 1978—
1983 birth cohorts covered by the Opportunity Insights data. 7 document that the disconti-
nuity in Head Start funding remained substantial through at least 1998. If this pattern held
in the late 1970s and early 1980s, children born in treated counties would have had greater
access to Head Start services.

However, if the discontinuity attenuated over time as Head Start expanded and federal
funding formulas changed, the estimates from Opportunity Insights data would represent
intent-to-treat effects of historical OEO assignment rather than effects of contemporary Head
Start access. This would still be of interest for understanding the long-run consequences of
initial program implementation decisions.

Verifying the persistence of the discontinuity would require data on Head Start funding
or enrollment by county and year for the relevant period. Such data may be available from
Head Start administrative records or from surveys of program administrators. Documenting

the first stage for the 1978-1983 cohorts is essential for interpreting any mobility effects.

7 Discussion

7.1 Interpretation of Results

Our replication yields estimates consistent with Ludwig and Miller’s main finding: OEO
grant-writing assistance is associated with lower child mortality from causes amenable to
Head Start’s health services. The point estimates of approximately 1.2-1.8 deaths per
100,000 suggest a substantial public health improvement, though our preferred specification

is only marginally significant (p = 0.07). The confidence interval includes zero, indicating
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that we cannot rule out no effect at conventional significance levels.

The validity tests support a causal interpretation of these findings, though the evidence
should be interpreted cautiously given the marginal significance. The McCrary density test
shows no evidence of manipulation at the cutoff, confirming that counties could not have
sorted themselves above or below the threshold. Placebo tests using pre-treatment mortality
and injury deaths show no spurious effects, suggesting our results do not reflect pre-existing
differences between counties. The stability of estimates across bandwidths and specifications
supports robustness.

If the point estimates reflect true causal effects, the mortality reductions likely reflect
the combined influence of Head Start’s health services, including screenings, referrals, and
immunizations. The program identified health problems that might otherwise have gone
undetected and connected families with healthcare resources. For children in the poorest

counties, where access to healthcare was severely limited, these services could be lifesaving.

7.2 Limitations

Our analysis has several important limitations that should be acknowledged, particularly
regarding statistical methodology, identification, and data constraints.

Statistical Methodology. Our primary estimates use standard OLS with robust stan-
dard errors rather than the bias-corrected robust inference procedures recommended by ?
and implemented in the rdrobust software (7). Modern RDD practice increasingly relies
on local polynomial estimation with bias correction and robust confidence intervals. Our
OLS estimates may have finite-sample bias, and our confidence intervals may have imperfect
coverage properties. Additionally, we do not weight by population, though mortality rates
from smaller counties are measured with greater noise. ? use population weights in their
analysis; unweighted estimates like ours may be less precise.

First Stage and Interpretation. Our analysis presents reduced-form (intent-to-treat)

estimates of the effect of OEO grant-writing assistance eligibility on child mortality. We
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do not show a first-stage discontinuity in Head Start funding or enrollment for our sample,
which would be necessary to interpret effects as Head Start impacts per se. Ludwig and Miller
document substantial first-stage effects in their original analysis; we rely on their evidence
but cannot replicate it with the available data. Readers should interpret our estimates as
effects of “being above the OEO cutoft” rather than effects of Head Start participation
directly.

Covariate Balance. While we document that predetermined covariates differ between
counties above and below the cutoff, the relevant RDD assumption is that covariates are
continuous at the threshold, not that they are balanced on average across the bandwidth.
A more rigorous covariate balance assessment would involve estimating RD discontinuities
for each predetermined covariate with proper inference. Our current analysis does not fully
address this.

Data Linkage. We could not directly link the Ludwig-Miller county identifiers to the
Opportunity Insights data, limiting our ability to study mobility outcomes. Future work
should focus on resolving this data linkage challenge through archival research, statistical
matching, or crosswalk construction.

External Validity. The regression discontinuity design identifies local average treat-
ment effects for counties near the 59.2% poverty cutoff. These are among the poorest counties
in the nation—predominantly rural areas in the South with high poverty rates and limited
public services. Effects may differ in less disadvantaged settings where children have access
to alternative early childhood programs and healthcare services (7).

Reduced-Form Interpretation. The OEO discontinuity captures the effect of grant-
writing assistance and subsequent Head Start expansion, not Head Start participation per
se. While Ludwig and Miller document no discontinuity in other federal spending at the
cutoff, the treatment may include other components of OEQO’s community action approach.
Our estimates should be interpreted as effects of the “OEQO treatment package” with Head

Start as the primary mechanism.
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Temporal Scope. The timing of our analysis focuses on cohorts born in the late 1960s
and early 1970s (for mortality outcomes) and potentially the late 1970s and early 1980s (for
mobility outcomes). The Head Start program has evolved substantially since its founding,
with changes in curriculum, services, and funding formulas. Effects for contemporary cohorts

may differ from those we estimate.

7.3 Policy Implications

Despite these limitations, our findings have important implications for policy. The mor-
tality results demonstrate that Head Start provides meaningful benefits, particularly for
health outcomes in the most disadvantaged communities. The program’s comprehensive
approach—combining education, health, nutrition, and family services—appears to generate
real improvements in child wellbeing.

The OEQ’s approach of providing technical assistance to build local capacity offers lessons
for program implementation. Many communities lack the administrative infrastructure to
navigate complex federal grant processes, and providing direct support can overcome these
barriers. The persistence of the funding discontinuity suggests that initial investments in
program infrastructure create lasting advantages.

More broadly, the results support the case for place-based targeting of early childhood
investments. Concentrating resources in the highest-need areas, where children have the
fewest alternative opportunities, can generate measurable improvements. This approach
may be more cost-effective than universal programs that also serve children with better

alternatives.

7.4 Future Research

Several directions for future research emerge from this study. Most immediately, linking
the OEO treatment variation to the Opportunity Insights mobility data would allow direct

testing of whether Head Start affected intergenerational mobility. This would extend our
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understanding of the program’s benefits beyond health to encompass economic outcomes.

Examining heterogeneity in effects by race, gender, and local context would help identify
where Head Start is most beneficial. Understanding these patterns could inform targeting
decisions and program design. For example, if effects are largest in areas with the fewest
alternative services, this would support concentrating resources in underserved communities.

Investigating mechanisms through which Head Start affects long-run outcomes would
deepen our understanding of how early childhood programs work. Does Head Start primarily
affect health, cognitive skills, non-cognitive skills, or family functioning? Each mechanism
implies different policy approaches to maximize effectiveness.

Finally, studying how Head Start effects have changed over time as the program has
evolved would inform current policy. If effects were larger in the early years when the
program was less standardized, this might suggest benefits from local flexibility. Conversely,
if effects have grown as program quality improved, this would support continued investment

in quality enhancement.

8 Conclusion

This paper examines whether Head Start improved long-run intergenerational mobility using
a regression discontinuity design based on OEO grant-writing assistance to the poorest U.S.
counties. Our replication yields estimates consistent with Ludwig and Miller’s (2007) find-
ings, though our preferred specification produces a marginally significant effect (7 = -1.20,
SE = 0.66, p = 0.07; 95% CI: [-2.49, 0.10]). The point estimates suggest approximately
1.2-1.8 fewer deaths per 100,000 children ages 5-9, but the confidence interval includes zero.

Our validity tests support the design’s credibility. The McCrary density test shows
no manipulation at the cutoff, placebo tests show no effects on pre-treatment outcomes or
outcomes that should be unaffected by treatment, and estimates are stable across bandwidths

and specifications. However, we acknowledge several methodological limitations, including
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the use of OLS rather than modern bias-corrected RD inference and the absence of first-stage
estimates for Head Start funding in our sample.

The next step in this research agenda is to link the treatment variation to Opportunity
Insights county-level mobility measures. This requires harmonizing historical county identi-
fiers with modern FIPS codes—a data challenge we leave for future work. The framework
we develop here, combined with the rich mobility data now available, offers a promising path
for understanding how early childhood interventions shape long-run economic opportunity.

More broadly, our findings contribute to the ongoing policy debate about early childhood
investments. The mortality effects we document demonstrate that Head Start generates real
benefits, at least for health outcomes in the most disadvantaged communities. Whether these
benefits translate into improved economic mobility across generations remains an important
question for future research.

Understanding the long-run effects of early childhood programs is essential for designing
effective policies to promote equal opportunity. If programs like Head Start can help children
from disadvantaged backgrounds achieve better outcomes than they would have otherwise,
they represent a powerful tool for breaking cycles of intergenerational poverty. Our analysis
provides a framework for testing this hypothesis and contributes to the evidence base for

policy decisions.
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A Additional Results

A.1 Covariate Balance

Table A1 presents RDD estimates for predetermined covariates at the OEO threshold. Under
the validity of the RDD, we expect no discontinuities in variables determined before the
treatment—that is, predetermined covariates should be continuous at the cutoff (7).

The estimates show differences in 1960 Census covariates across the bandwidth. However,
our analysis does not fully implement RDD covariate balance tests, which would require esti-
mating discontinuities at the threshold with proper inference for each covariate. The observed
differences in Table 1 reflect level differences across a wide bandwidth, not discontinuities at
the cutoff per se. A more rigorous assessment would include RD plots for key covariates and
formal discontinuity estimates. We acknowledge this as a limitation of our analysis. Future

work should conduct proper covariate continuity tests following ?.

A.2 Additional Outcome Measures

Table A2 presents RDD estimates for additional outcome variables available in the Ludwig-
Miller data. These include adult mortality (ages 25+), overall mortality (all ages), and

mortality from different cause categories.

B Data Sources and Replication

All data sources used in this paper are publicly available. The Ludwig-Miller replication
data was obtained from Bruce Hansen’s Econometrics textbook data repository at https://
www.ssc.wisc.edu/~bhansen/econometrics/. The Opportunity Insights county outcomes
data was obtained from https://opportunityinsights.org/data/.

All code for data processing, analysis, and figure generation is available in the replication

package accompanying this paper. The analysis was conducted using Python 3.11 with
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pandas, numpy, scipy, and matplotlib. Regression discontinuity estimates were computed

using standard OLS with robust standard errors.
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