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Abstract 
 
The past century witnessed a dramatic improvement in public health, the rise of modern medicine, 
and the transformation of the hospital from a fringe institution to one essential to the practice of 
medicine. Despite the central role of medicine in contemporary society, little is known about how 
hospitals and modern medicine contributed to this health transition. In this paper, we explore how 
access to the hospital and modern medicine affects mortality. We do so by leveraging a 
combination of novel data and a unique quasi-experiment: a large-scale hospital modernization 
program introduced by The Duke Endowment in the early twentieth century. The Endowment 
helped communities build and expand hospitals, obtain state-of-the-art medical technology, attract 
qualified medical personnel, and refine management practices. We find that access to a Duke-
supported hospital reduced infant mortality by 10%, saving one life for every $20,000 (2017 
dollars) spent. Effects were larger for Black infants (16%) than for White infants (7%), implying 
a reduction in the Black-White infant mortality gap by one-third. We show that the effect of Duke 
support persisted into later life with a 9% reduction in mortality between the ages of 56 and 65. 
We further provide evidence on the mechanisms that enabled these effects, finding that 
Endowment-supported hospitals attracted higher-quality physicians and were better able to take 
advantage of new medical innovations. 
JEL-Codes: I140, J130, N320. 
Keywords: modern medicine, hospitals, mortality, infant health, hospital funding, physician labor 
supply, medical innovation, health care complementarities, charitable giving. 
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As medicine has advanced over the last century, spending on healthcare has risen to consume

an ever-increasing share of resources. In 1900, healthcare represented only 2% of US gross do-

mestic product (Craig 2006; Sutch 2006). By 2020, this share soared to 20%, with spending on

hospital care alone accounting for 6% of US economic activity (CMS 2022). This past century has

also marked the rise of modern medicine and of the modern hospital, transforming the institution

“from places of dreaded impurity and exiled human wreckage into awesome citadels of science

and bureaucratic order” (Starr 2017). At the same time, health has improved dramatically, with

infant mortality rates falling by 95% and life expectancy at birth rising by 45% (Costa 2015). A

large body of work has explored the drivers and the timing of this health transition. One claim

from this literature is that modern medicine – with the exception of sulfa drugs – did not begin to

materially affect health and mortality until after the 1950s (Cutler 2005; Acemoglu and Johnson

2007). Despite this viewpoint, little is actually known about the origins of the modern hospital or

the contribution of medical care in improving health in the first half of the twentieth century.

In this paper we ask the following questions relevant to understanding both the role of medical

care in the health transition and contemporary healthcare decisions: Did access to modern medi-

cal knowledge and technology through the transformation of the hospital contribute to declining

mortality? Given the many racial inequities in society and in health, were these effects similar or

different across race? What were the mechanisms that enabled modern medicine and hospitals to

improve health? In particular, did better infrastructure attract higher-quality physicians and allow

for more productive use of new medical technologies? And finally, were these effects limited to

gains in infancy or did they persist into later life?

We answer these questions by leveraging a combination of novel data and a unique quasi-

experiment: a large-scale hospital modernization program introduced by The Duke Endowment

in North Carolina during the first half of the twentieth century. Beginning in 1926, The Duke

Endowment expanded access to modern medicine and hospitals across the Carolinas, placing a

particular emphasis on rural and Black residents – an uncommon approach in the Jim Crow-Era

South. The Endowment assisted hospitals in expanding and improving existing facilities, obtaining
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state-of-the art medical technology, and elevating their management practices. In some communi-

ties, the Endowment helped to build new hospitals or to convert existing facilities to non-profits.

These modernization efforts were explicitly designed to attract younger and higher-quality physi-

cians to the Carolinas (The Duke Endowment 1934; Durdin 1998, p. 44). By the end of 1942, the

Endowment had appropriated over $126 million (2017 dollars) for hospital expansion and modern-

ization, an investment that significantly improved access to medical facilities and the quality of the

medical infrastructure in North Carolina, thereby propelling the practice of medicine in supported

communities towards the modern era.1

Our main empirical approach exploits quasi-random variation in Duke support, comparing out-

comes for cohorts born in counties that had received a funding commitment from the Endowment

around the time of their birth to outcomes for those born in counties without such a commitment.

In this effort, we construct a novel data set that combines information from hand-collected archival

records, annual reports of The Duke Endowment, individual death certificates, physician directo-

ries, and a variety of other sources. We opt for an extensive margin, intent-to-treat specification as

our preferred model because treatment was not solely monetary. Before an appropriation turned

into a payment, the Endowment typically required hospitals to undertake additional steps, such as

changing hospital accounting or bookkeeping practices; ensuring that surgeries were conducted by

licensed physicians; allowing Endowment employees to visit the hospital for a de facto inspec-

tion; or forging community partnerships. An intent-to-treat analysis captures the full effect of this

multifaceted treatment, allowing for Duke support to both impact health before a single dollar

was received and for the possibility that hospitals with failed appropriations (i.e., those that never

received a payment) could still have made changes that improved health.

We find that the efforts by Duke to modernize hospitals improved the health of the surrounding

community and reduced infant mortality by 10%. Treatment effect estimates for Black infants

(16%) are twice as large as for White infants (7%), implying that the Endowment narrowed the

infant mortality gap by one-third. Those exposed to Duke support around the time of birth also
1While The Duke Endowment operates in both North and South Carolina, we focus our analysis on North Carolina

due to data availability as we discuss in Section 2.
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enjoyed lasting health effects, as long-run mortality rates (between the ages 56 and 65) declined

by 9%. We also find similar evidence when considering the intensive margin (i.e., how much

money was appropriated or paid). We explore various channels through which these effects could

have emerged, and show that Duke support increased the stock of high-quality physicians in a

county by 11% and reduced the share of poorly trained physicians by 9%. This change shifted the

average graduation year of doctors in Endowment-supported counties by 12 years, advancing the

average state of medical knowledge in these locations. Finally, we document that Duke-supported

hospitals were able to use new medicines more effectively, suggesting a complementarity between

high-quality hospitals and new medical innovations.

Our findings are robust. Point estimates and statistical significance are not materially affected

by the choice of estimator, specification, transformation of the dependent variable, or sample deci-

sions. Our findings are not sensitive to the use of a variety of recent techniques designed to address

concerns about treatment effect heterogeneity and staggered treatment adoption in a difference-

in-differences setting. We also demonstrate that our results are not driven by the two primary

threats to identification, differential pre-trends and selection into treatment. Across a number of

event-study specifications, outcomes in treated and control counties follow parallel trends prior

to treatment. We further confirm that the results are not driven by selection into treatment, by

spillovers, or by the reallocation of medical expertise and investments within the Carolinas. We

do so by considering balance tests, specifications with an alternate set of non-Carolina Southern

control counties that were ineligible for Duke funding, and an instrumental variables framework

that exploits exogenous variation in Duke eligibility and returns of Endowment assets. Moreover,

statistical significance is not affected by using a randomization inference approach that random-

izes the set of treated counties, holding fixed the number of treated counties and the treatment

path across time. These tests mitigate concerns that selection or spurious trends are driving our

treatment effect estimates.

The program was cost effective. Considering only our infant mortality results, one life was

saved for every $20,000 (2017 dollars) paid to hospitals, implying that the Endowment’s inter-
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vention passes any cost-benefit analysis using a reasonable estimate for a Value of Statistical Life

(VSL). The intervention was also particularly effective in reducing Black infant mortality. Duke

support caused a decrease in the mortality rate for Black infants that was roughly three times larger

than the decrease for White infants (a reduction of 12 vs. 4 deaths per 1,000 births), narrowing

the Black-White infant mortality gap by one-third. This new evidence that access to high-quality

medical care and infrastructure disproportionately reduced Black mortality rates adds to previous

work that has examined the Black-White infant mortality gap, some of which finds no relation-

ship between increased healthcare access and the gap (Miller 2001; Collins and Thomasson 2004;

Almond et al. 2006; Elder et al. 2011, 2016; Anderson et al. 2021a,b).2

This paper makes contributions to several literatures. First, our findings contribute to a series of

articles investigating the drivers of the health improvements observed in the early- to mid-twentieth

century. Most prior work focuses on the role of public health efforts (e.g., Cutler and Miller 2005;

Ferrie and Troesken 2008; Clay et al. 2014, 2020; Anderson et al. 2019, 2022) or the advent of

sulfa drugs (e.g., Thomasson and Treber 2008; Jayachandran et al. 2010). Studies that examine the

effects of hospitals or medical care on mortality have primarily concentrated on later time periods

(Cutler 2005; Acemoglu and Johnson 2007). In contrast, we provide one of the first glimpses into

the role that modern medical care played in the mortality transition, finding large short-run effects

and lasting mortality effects in later life.

Second, we build on the broader literature examining the short- and long-run consequences of

prenatal and infant health.3 We also complement studies examining the determinants of mortal-

2Extending work by Almond et al. (2006), Anderson et al. (2021a) show that the 1966 federal campaign to deseg-
regate Southern hospitals had no observable effect on the Black-White infant mortality gap. A hypothesized reason
for the null result is that desegregation was “cosmetic” and did not actually extend access to high-quality facilities
for Black residents. While North Carolina is not included in their analysis, these results are not inconsistent with
our findings. The Duke Endowment’s Indenture of Trust, written in the 1920s, explicitly stated that hospital access
should be provided for both Black and White individuals. Although Duke-supported hospitals remained segregated
and care may not have been equal across race within the same hospital, the Endowment extended hospital access to
Black residents in ways that were far from cosmetic. Before the Endowment’s bi-racial mandate, many Black residents
had no access to hospital care, while afterwards “all or practically all of the 65 hospital construction projects that the
Endowment assisted during its first decade contained accommodations for both races” (Durdin 1998, p.185).

3Prior work has examined the effects of a number of interventions including the provision or expansion of health
or social insurance (Currie and Gruber 1996a,b; Cohodes et al. 2016; Goodman-Bacon 2018, 2021b; Lührmann and
Wilson 2018; Bauernschuster et al. 2019; Miller and Wherry 2019; Brown et al. 2020); access to maternity wards
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ity and longevity, in which a common theme is that early life circumstances matter for later-life

health (Almond and Currie 2011; Almond et al. 2018). Despite this large literature, ours is the

first study to leverage quasi-experimental variation to show both the short- and long-run mortality

consequences of a large hospital-funding program, and to our knowledge it is the first to examine

whether hospital improvements in this time period helped to ameliorate long-standing racial gaps

in mortality. A unique feature of our paper is that we are not simply studying the effects of a well-

known intervention applied to a different vulnerable population (e.g., how insurance expansion

affects a newly enrolled group). We are instead examining an ambitious experiment that sought to

modernize medical care at a critical time in the evolution of the field.

Third, we contribute to the health care literature by demonstrating that high-quality facilities

can have complementary effects. We show that improving facilities attracted physicians who grad-

uated from better medical schools. Such an outcome was a clear goal of The Duke Endowment,

with the first director of the Endowment’s Hospital Section, Dr. Watson S. Rankin, stating that

“[t]he modern hospital. . . had come to play an essential part not only in the practice of medicine

but also in the distribution of medical personnel” and that creating well-supported hospitals would

be the “the main remedy for the shortage of doctors” (Durdin 1998, p. 31, 54). Our findings support

this view. Related studies have explored how forms of occupational licensing in this time period

increased access to higher-quality medical personnel and how this in turn affected health (Law and

Kim 2005; Anderson et al. 2020; Moehling et al. 2020).4 Our setting differs in that the Endow-

ment did not affect legislation or directly contract with physicians; instead, it was an inducement,

making counties with modern, Duke-supported facilities more attractive to physicians.

An additional complementarity that we examine is the relationship between technological in-

(Fischer et al. 2021; Lazuka 2021); county health departments (Hoehn-Velasco 2021); home visits from nurses (Olds
et al. 1999; Hjort et al. 2017; Bütikofer et al. 2019); and reductions in air pollution (Chay and Greenstone 2003;
Greenstone and Hanna 2014; Clay et al. 2016; Knittel et al. 2016).

4Anderson et al. (2020) show how midwifery licensing reforms reduced maternal and infant mortality, finding a
smaller average effect for infant relative to maternal mortality. When split by race, they find a statistically insignificant
relationship with White infant mortality and a relatively larger, significant relationship with non-White infant mortality.
Law and Kim (2005) document that physician licensing changed physician quality, but they find an insignificant
relationship between physician quality and mortality from physician-treatable diseases. Moehling et al. (2020) find that
the Sheppard-Towner Act increased one-on-one contacts with licensed physicians and nurses – leading to reductions
in infant mortality, with particularly large effects for Black infants.
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novation and improvements in physical and human capital. For example, Soares (2007) argues that

the diffusion of knowledge is necessary for the effective spread and use of medical technologies. In

related work, Alsan and Goldin (2019) examine how the provision of clean water and innovations

in sewage disposal affected child mortality in late-nineteenth century Massachusetts. However,

most other studies in this area only consider interactions in the context of human capital, and are

inspired by the idea of dynamic complementarities (Cunha and Heckman 2007).5 Our focus differs

in that we are interested in complementarities between hospital infrastructure and medical innova-

tion. Our investigation into this interaction is enabled by the timing of the discovery and use of

sulfa drugs, the first chemical substances systematically used to prevent and treat bacterial infec-

tions. Prior work has documented that the 1937 introduction of sulfa drugs led to large declines in

infectious disease mortality (Thomasson and Treber 2008; Jayachandran et al. 2010; Bhalotra and

Venkataramani 2015; Lazuka 2020). We contribute to this literature by showing that the higher-

quality facilities and workforce promoted by Duke enabled communities to take greater advantage

of sulfa drugs. Specifically, we find that for communities with higher baseline infectious disease

mortality, the reductions in infant mortality caused by residing in a Duke-supported community

roughly doubled after sulfa drugs were developed.

Fourth, we contribute to the literature on management style, standardization, and firm perfor-

mance (Bloom and Van Reenen 2007; Tsai et al. 2015; McConnell et al. 2016; Bloom et al. 2020;

Figinski and Troland 2020; Scur et al. 2021; Gray-Lobe et al. 2022). A distinct aspect of the in-

tervention we study is that treatment is not limited to a monetary component. Duke support was a

multifaceted bundle of treatments coupled with ample oversight from the Endowment. In addition

to providing funding for facilities and equipment, core management practices were altered and hos-

pital accounting procedures were standardized.6 As a result, the Endowment “exerted considerable

5Examples of recent studies that investigate interactions between multiple inputs and estimate the human capital
production function include Gunnsteinsson et al. (2019) and Bütikofer et al. (2021) who find that negative prenatal
health shocks can be offset in the early postnatal period; Rossin-Slater and Wüst (2020) who find that programs involv-
ing home visits by nurses have a greater effect in the presence of high-quality preschools; or Adhvaryu et al. (2021)
and Duque et al. (2021) who examine the interactions between financial shocks and poverty-alleviation programs.

6Summarizing a letter written by Graham Davis, the assistant director of The Duke Endowment in the time period
we study, Durdin (1998) notes that “the money they received from the Endowment was probably not as valuable to
[the assisted hospitals] as the free service they got from the staff” in the form of consulting, oversight, management
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influence over the direction of hospital care” in supported communities (Gamble 1995). Thus, it is

unlikely that monetary assistance alone would have had the same effect and it is possible that the

Duke intervention was so successful because these many changes served to reinforce one another.

Our findings support the idea that bundling healthcare access with treatments such as changing

management style and increasing oversight can have complementary effects (Bloom et al. 2020;

Figinski and Troland 2020).

Finally, our work connects with the literature examining the effects of charitable contributions

on public health and welfare. For instance, Bleakley (2007) examines the long-term effects of

the hookworm eradication campaign sponsored by the Rockefeller Sanitary Commission across

the American South in the early-twentieth century and finds increases in school enrollment, atten-

dance, and literacy.7 We add to this literature by showing large, lasting, and cost-effective direct

health effects from private charitable contributions.8 For many years, The Duke Endowment was

the third largest charity in the US and it remains one of the largest charitable foundations in the

world (Durdin 1998, p. 1). Despite its size and success, to our knowledge, no economists and virtu-

ally no other academics (outside of historians documenting Endowment activities) have attempted

to evaluate the effects of the many programs that it operated.

We view our results as having three important modern policy implications. First, the success

of the program was so pronounced that the Endowment’s efforts to support hospitals “served as

both inspiration and model” for the Hill-Burton Act of 1946 (Durdin 1998, p. 33), a large pro-

gram designed to stimulate hospital construction and access across the US (Chung et al. 2017).

We provide some of the first evidence demonstrating how private charitable funding can represent

expertise, and assistance in converting to uniform record keeping, of whom Duke-supported facilities “were the largest
group in the nation employing.”

7A related set of papers evaluate the Rosenwald Rural Schools Initiative, a charitable effort that constructed nearly
5,000 schools for Black children living in the rural South. Prior work shows that this initiative had large, lasting effects
as measured by changes in education, fertility, labor market outcomes, and incarceration probability (Aaronson and
Mazumder 2011; Aaronson et al. 2014; Eriksson 2020; Mohammed and Mohnen 2022).

8Those establishing The Duke Endowment were careful to take into consideration issues common to other charita-
ble organizations, such as crowding out (Andreoni and Payne 2013; Rask and Rask 2000), being careful to “exercis[e]
their discretionary powers in assisting hospitals. . . to distinguish carefully and sharply between stimulating local in-
terests and self help and substituting [for] local interests and self help.” (Durdin 1998).

7



a blueprint for future public expenditures.9 Second, the impact of the Endowment highlights the

potential costs of closing rural hospitals today and the importance of attracting physicians to prac-

tice in rural and underserved communities.10 If our results are interpreted as the effect of access

to the first high-quality medical care in a community, then removing the last high-quality health-

care option may have a symmetric negative impact. Third, our findings are relevant to healthcare

investments in developing countries where donations from both private foundations and govern-

ments represent a major source of health financing (McCoy et al. 2009; Yamey et al. 2019). A

critical feature of the Endowment’s success was its multifaceted treatment. Thus, we expect to see

larger and longer-lasting health improvements in developing countries when donations targeted for

health infrastructure are accompanied by reinforcing policies and oversight.

1 Duke Endowment and Hospital Care in North Carolina

On December 11, 1924, James Buchanan Duke established The Duke Endowment with initial

funding of $40 million to improve the social and economic welfare of communities in North and

South Carolina. In the Indenture of Trust for the Endowment, Duke recognized that hospitals were

“indispensable institutions” for “prolonging human life,” noting that “[t]he advance in the science

of medicine” has made “hospital facilities essential for obtaining the best results in the practice

of medicine” (The Duke Endowment 1925). Duke directed that 25.6% of the income from the

invested Endowment funds to be apportioned to the modernization, maintenance, and construction

of hospitals (The Duke Endowment 1925, p. 10-11). Duke died unexpectedly in October 1925 and

his will left the Endowment with an additional $69 million; 90% of the annual income from this
9Related work by Berkes and Nencka (2022) finds that libraries constructed using private charitable funds from

Andrew Carnegie led to an increase in publicly funded libraries, which in turn increased long-run patenting.
10Germack et al. (2019) document that closures of rural hospitals lead to reductions in the supply of physicians in

these communities which is consistent with and the exact reverse of our result that improved infrastructure attracted
higher-quality physicians to treated counties. Similarly, Alexander and Richards (2021) find that rural hospital closures
reduce the size of the healthcare workforce in the surrounding community. Efforts to study effects of rural hospital
closures on health have produced mixed results. Fischer et al. (2022) find no statistically significant effect on infant
mortality but their 95% confidence interval includes positive values as high as 7%, which is similar to our estimated
gains in White infant mortality. Kozhimannil et al. (2018) find negative effects on birth outcomes and Gujral and Basu
(2020) find large adverse mortality effects of closures that are not specific to infants.
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contribution was specifically directed to hospitals in the Carolinas (Durdin 1998, p. 26).11

Following his death and prior to disbursement of any funds from the Endowment, the foun-

dation surveyed the healthcare landscape in the Carolinas with a focus on the quality, size, and

density of hospitals, as well as the supply of physicians. Armed with this knowledge, the founda-

tion started accepting applications for funding in 1926, and the first approvals were made in 1927

– the first year we consider a county to have been treated. Panel A of Figure 1 presents the share

of North Carolina counties that received Duke appropriations by a specific year. No appropriation

were made prior to 1927, but by 1929, almost 30% of counties had been promised financial sup-

port. In subsequent years the geographic spread slowed down as the share increased by only an

additional 20 percentage points between 1929 and 1942. We present the spatial distribution of first

appropriations by county and year in panel B of Figure 1.

Over the first two decades following the founding of The Duke Endowment, the number of

hospitals in North Carolina increased significantly. At the time of the Endowment’s baseline survey

in 1925, there were 122 hospitals with 5,334 beds in 51 counties, with an average size of 44 beds

per hospital. Nearly half of the counties (49%) did not have any hospital facility. By 1942, the end

year of our preferred sample, only 7% of North Carolina’s counties lacked a hospital. By 1949,

the number of hospitals had increased 41% to 172, and the number of beds increased by 410% to

27,178, raising the average number of beds per hospital to 158.

Although Black residents composed 30% of the population in the Carolinas in 1924, they had

far more limited access to hospitals than White residents due to institutionalized racial segregation.

The Duke Endowment paid “special attention” to racial equality when making funding decisions,

directing 86% of appropriations and 79% of payments in North Carolina between 1927 and 1942

to hospitals that accepted patients of both races. White-only hospitals received 10% of capital

appropriations (13% of payments), while Black-only hospitals received 4% (8% of payments).12

11Separately in his will, Duke earmarked $4 million to “build and equip a medical school, hospital, and nurses’
home at Duke University” (Durdin 1998, p. 26).

12While the Endowment paid “special attention [to] the needs of blacks in white-run biracial and black-run hospi-
tals” (Thomas 2011), Gamble (1997) notes that this “support, came at a price... The assisted facilities would be ‘for
blacks’ but would be supervised by whites.” Gamble (1995) cites specific examples, including changes at Lincoln
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In the same spirit, Duke support was only available for not-for-profit hospitals, an intentional

measure designed to reduce financial barriers to access (Durdin 1998). These investments helped

in narrowing the long-standing racial disparities in access to health care. Another of Duke’s stated

objectives in improving hospital facilities was to attract more highly-qualified doctors. In its first

report, the Hospital Section noted, “Hospitals hold and attract the better type of physicians. . . So it

is that a local hospital builds up a profession, raises professional standards and serves to improve

the practice of medicine not only for patients in the hospital but for patients in the whole county”

(The Duke Endowment 1925, 144-45). Indeed, in North Carolina, physician density increased

between 1923 and 1940 from 26 to 56 per 1,000 population.

2 Data

2.1 Hospital funding

Our paper combines multiple hand-collected data sources into a county-by-year of birth panel.

Our measures of treatment are derived from hospital-level data on appropriations and payments for

capital projects reported in the Annual Reports of the Hospital Section of The Duke Endowment.

Online Appendix Figure A1 shows an image of the raw data from the 1940 annual report. Each

entry includes the name of the hospital, its location, as well as the dollar value of appropriations for

capital expenditures, actual payments from the Endowment, and the purpose of the funding. An

appropriation for capital expenditures represents a signed commitment from The Duke Endowment

to reimburse costs associated with the expansion or improvement of existing hospitals as well as

the construction of new institutions. These costs were not usually incurred in the same fiscal year.

Figure B1 in the Online Appendix shows the distribution of years since appropriation when an

initial payment was received. Most payments (73%) were delivered by the start of the third year

following an appropriation, while some appropriations (15%) never resulted in a payment. Our

Hospital where The Duke Endowment “limited the access of black physicians to the operating room and insisted that
all their work be supervised by white surgeons” and replaced the Black superintendent with a White manager against
the will of the surrounding Black community. Gamble (1995) argues that this “arrangement frequently denied black
people a voice in determining the direction of institutions which served them” and “reinforced a racial hierarchy within
medicine.” She concludes that The Duke Endowment “contributed to the advancement and maintenance of a separate,
and not equal, medical world for black physicians, nurses and patients.”
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preferred estimates are intent-to-treat, which consider the first treated year to be the first year a

non-zero appropriation from the Endowment occurs in a given county. Using this measure, panels

A and B of Figure 1 show the rollout of Duke-support at the county-level across time and space.

From 1927 to 1942, 271 projects (in 48 counties) received an appropriation, out of which 164

projects (in 41 counties) received a non-zero payment. Most entries report a broad “purpose” cate-

gory for the project (25% of approved projects had no category stated). Online Appendix Table B1

presents summary statistics for appropriations and payments by purpose. While these categories

are not mutually exclusive (e.g., an addition could also include purchase of equipment), they are

broadly informative of the types of activities funded by the Endowment. Additions to existing not-

for-profit hospitals represent the majority of approved projects at 48%, purchases of equipment

and of existing facilities (often changing a for-profit facility into a not-for-profit) represent 13%

and 10% of approved projects, respectively, and 6% of approvals were for building new facilities.

2.2 Births and mortality

Infant mortality: We construct a new measure of infant mortality by county of birth from the

universe of North Carolina death certificates between 1917 and 1963 (Cook et al. 2014, 2016).

Online Appendix Figure A1 shows an example of a death certificate. Importantly, the data include

place and year of birth, which we use to aggregate the individual deaths to the county-by-year-of-

birth level. Existing aggregate data on infant deaths for North Carolina during our study period

are reported by place of occurrence only, which is potentially endogenous to hospitalization since

more deaths are likely to occur in places where more hospitals are built, and are thus ill-suited

to our objectives as they may introduce bias.13 We define infant death as occurring between day

0 (i.e., the day of birth) and day 365 of life, limiting our sample to deaths of individuals born in

North Carolina, because similar infant mortality data are not available for South Carolina.

13Data on deaths by place of residence are not reported in the aggregate data until 1932 – well into the rollout of
Duke funding. James M. Parrott, the Secretary and State Health Officer of North Carolina recognized the problem
with reporting aggregate deaths by place of occurrence in the 1933 Annual Report of the Bureau of Vital Statistics:
“Deaths have been allocated to the place of legal residence of the deceased before death. Prior to 1932, deaths had
been recorded by place of occurrence only. This gives a distorted rate for those counties that have medical centers
within their borders and for the counties from which their patients are drawn.” Ideally, we would observe information
on place of residence at the time of birth but to the best of our knowledge these data do not exist.
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We obtain annual data on births by county, year, and race from 1922 to 1948 from volumes of

the Annual Report of the Bureau of Vital Statistics of the North Carolina State Board of Health.

We use the number of births by year and county of occurrence to construct infant mortality rates

and to use as weights in regressions with data at the county-by-year level. Data on births are not

available prior to 1922.14 We combine these data with the count of infant deaths by county and

year of birth to construct the infant mortality rate per 1,000 live births.

Panel C of Figure 1 depicts North Carolina’s infant mortality rate between 1922 and 1942 for

both races, as well as separately for Black and White infants. Until about 1927, the first year with

an appropriation from The Duke Endowment, there are stable (if not slightly increasing) mortal-

ity rates that are approximately 50% higher for Black as compared to White infants. Starting in

1928, there is a precipitous decline in infant mortality for both races. This drop was not uniform

across the state. Panel D of Figure 1 shows that between 1922 and 1942 some counties experi-

enced declines in infant mortality of over 50%, but there were other counties that saw non-trivial

increases.

Our main analysis of infant mortality uses county-by-year of birth panel data from 1922 to

1942. As explained above, 1922 is chosen as the first year since data on births by race are not pro-

vided for earlier years. The choice of 1942 as the endpoint for the sample is motivated by a number

of factors. First, as Figure 1a illustrates, the rollout of counties receiving Duke funding proceeded

rapidly upon establishment of the Endowment while the post-1942 expansion (not depicted) saw

relatively few additional counties gain access to funding. Nonetheless, we also collected data on

Duke Endowment funding for the period up to 1962 and, in Section 5 we document that our in-

fant mortality results are robust to extending the end year of the panel. Second, by ending the

sample in 1942, we limit any possible influence that World War II may have on the analysis.15

Third, as we discuss further in Section 5, two-way fixed effects estimators place greater weight
14The annual reports were not published between 1917 and 1921. We transcribed the data on births by place of

occurrence from the North Carolina Bureau of Vital Statistics because publicly available data do not report births
separately by race until 1959 (Bailey et al. 2015).

15After the US entered World War II on December 8, 1941, Fort Bragg in North Carolina was one of the major
military installations in the nation. The war effort could have affected both fertility and the health of infants directly
through programs targeted at spouses of conscripts such as the Emergency Maternal and Infant Care Program.
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on groups treated in the middle of the panel, so extending the panel would shift the initial year of

treatment to the early panel years for most counties, potentially biasing our results. Finally, this

choice facilitates consistency between the short-run and long-run analyses.

Later-life mortality: We face two primary challenges in estimating the effect of Duke Endow-

ment funding on later-life mortality. First, given our focus on the 1922 to 1942 birth cohorts,

we cannot observe every completed lifespan as some individuals born during these years are still

alive. Second, to the best of our knowledge, publicly available aggregate data on mortality for

the cohorts of interest do not extend to the present day. Thus, we turn to the public-use version

of the Social Security Administration (SSA)’s Numerical Identification Files (Numident) from the

National Archives and Records Administration (NARA) that contains records for every Social Se-

curity Number (SSN) assigned to individuals with a verified death, or who would have been over

110 years old by December 31, 2007. The data include the exact dates of birth and death, and a

place of birth text string. Since place of birth is truncated at the 20th position, we use a crosswalk

file that maps the text strings to a geocoded location and associated county of birth (Black et al.

2015). We collapse the Numident at the county- and year-of-birth-by-follow-up-year level, infer-

ring age at death as the difference between year of birth and year of death. We link these data to

exposure to Duke Endowment support at the birth-county by year-of-birth level. For administrative

reasons, the public-use Numident is incomplete prior to 1988 (Goldstein et al. 2021), which affects

the earliest year we are able to include in our long-run analysis.

Construction of the estimation sample for later-life mortality differs from the short-run analysis

in two ways. First, we consider the mortality rates across a range of ages, rather than just the first

year of life. This means that an observation is at the birth-year by county-of-birth by follow-up-

year level. Here, a follow up year refers to the year in which we observe later-life mortality for

each birth cohort. Stated differently, each observation is the mortality rate by single year of age for

a given birth-county and birth-year cohort. Second, we restrict the sample to the 1932 to 1942 birth

cohorts due to the left- and right-censoring of the public-use Numident and the fact that we intend
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to measure later-life mortality up to age 65, when individuals can retire and become eligible for

Medicare. Deaths at ages younger than 56 for the 1931 and earlier birth cohorts occurred prior to

1988, the earliest year that the public-use Numident is complete. Thus, any reported deaths from

earlier cohorts would introduce survival bias. Therefore, we start our follow up at age 56 and limit

the sample to cohorts born in 1932 or later. The right-censoring of the public-use Numident in

2007 implies that we can observe mortality up to age 65 for cohorts born as late as 1942, and thus

we do not extend the sample beyond the 1942 birth cohort.16 To avoid biasing our estimates due

to differential survival probabilities by age, we use a balanced panel of follow up years for each

county-by-year birth cohort, which implies that all cohorts are observed exactly 10 times at ages

56 to 65 during follow up years (e.g., the 1932 cohort is observed from 1988 to 1997). We discuss

the econometric implications of these sample restrictions in Section 7.

2.3 Other data

Physicians: One of our hypothesized mechanisms for the improvement in mortality is that the

number and the quality of physicians who moved to counties that received Duke support both

increased. We explore this possibility using data on physicians working in North Carolina from

the volumes of the American Medical Directory (AMD) for 1914, 1918, 1923, 1927, 1931, 1936

and 1940. Online Appendix Figure A1 shows an extract of a page from a volume of the AMD.

An individual entry includes the physician’s name, race, year of birth, place of practice, medical

school, year of medical school graduation, and year of license. We aggregate these data to the

county-by-year level and scale the numerator by 100,000 population using data from NHGIS.

We proxy for physician quality with the combination of years since graduation and the admission

requirements of the medical school for their graduating cohort.17 We define a doctor as high quality

if they were licensed more than two years after the medical school they attended introduced a two-

year degree requirement as an admission pre-requisite.

16A death at age 66 from the 1942 birth cohort and a death at age 65 from the 1943 would have occurred in 2008
and would only be found in the restricted-use data.

17See Moehling et al. (2020) for a discussion of how medical education admission requirements changed in the
early twentieth century and were associated with improved physician quality.
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Pneumonia mortality: The North Carolina vital statistics annual reports also include data on pneu-

monia mortality by county and year. We use this to construct the exposure shares for our analysis

of sulfa innovation. Specifically, we compute average pneumonia mortality per 100,000 in the

population from 1922 to 1926 – the five years prior to the initial rollout of Duke funding. County

population is obtained from NHGIS.

3 Methods

Our preferred analysis uses a difference-in-differences research design with staggered treat-

ment adoption to estimate the effects of hospital modernization around the time of birth on infant

and age 56 to 65 mortality rates. We assign treatment to individuals based on their county and

year of birth, and consider a birth cohort in a county to be treated starting in the first year that the

county received an appropriation for capital expenditures from The Duke Endowment and lasting

through all subsequent years. We tackle two challenges for estimating the causal effect of Duke

funding that arise in our empirical setting. First, we give careful consideration to the functional

form of the dependent variable, which includes zeroes, in order to avoid model misspecification.

Second, we implement recent innovations that address the concern that the linear two-way fixed

effects regression model may be biased in the presence of staggered treatment timing or treatment

effect heterogeneity (Goodman-Bacon 2021a; Roth et al. 2022).

Under our preferred estimation method of Poisson pseudo-maximum likelihood (Correia et al.

2020), coefficients of interest can be interpreted as a semi-elasticity – the percent change in the

outcome due to Duke funding exposure around the time of birth. We prefer Poisson estimation to

OLS for three reasons.18 First, the Poisson model represent the natural log of the conditional mean

of the dependent variable, rather than the conditional mean of the natural log of the dependent

variable that is estimated by the common log-level specification. While the latter has been shown

to suffer from bias due to Jensen’s inequality when heteroskedasticity is present, the Poisson spec-

ification does not have this issue (Santos Silva and Tenreyro 2006). Second, all of our outcomes

18Throughout the paper, “Poisson” refers to the Poisson pseudo-maximum likelihood estimation method, rather
than the assumption that the dependent variable has a Poisson distribution.
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contain zeroes, sometimes in large numbers, which are explicitly modeled and handled well by

the Poisson (Santos Silva and Tenreyro 2011). Thus, the Poisson specification obviates the need

to drop zero-valued observations, as would happen with a dependent variable specified in logs, or

manipulate the data to avoid dropping observations by adding one to each value of the dependent

variable before taking logs. These are both common approaches that have been shown to introduce

bias (Santos Silva and Tenreyro 2006; Cohn et al. 2021). Finally, in the later-life analysis, we are

examining mortality rates that vary mechanically with age. The Poisson allows for a proportional

analysis that ensures the comparability of estimates across specifications, and for the joint estima-

tion of the long-run mortality effects while accounting for the changing baseline mortality rate.

As robustness checks for the main specification of our outcomes and for comparability with other

studies, we also estimate a linear model, a log-level model that drops any zero-value observations,

and a log-level specification that adds one to the dependent variable for all observations.

Short-run mortality: For our short-run outcomes, we estimate the following regression:

YRct = exp(α0+α11(t> First appropriation year)ct+ζc+ηt+ΘXct)εct (1)

where c indexes county of birth and t indexes birth year. Our primary outcome of interest YRct

is the county-by-birth year count of deaths or infant mortality rate defined in Section 2.2. We

also consider variations of this variable (e.g., first-day infant mortality rate) and other short-run

outcomes (e.g., the number of high-quality physicians working in a county-year). We superscript

this variable with R to indicate separate outcomes for Black and White persons or outcomes that

pool together both racial groups.19

In Online Appendix Table C1 we perform a balance test following Pei et al. (2019), and we do

not find a statistically significant relationship between changes in covariates and treatment status,

easing concerns that selection or differential trends are driving our effects. Most notably, Endow-

ment support does not have an effect on our best measure of economic activity, retail sales per

19Hispanic people are not included as a separate racial category in our data. We do not have data on Native Ameri-
cans, who constituted only 0.5% of the North Carolina population at the time.
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capita. This indicates that our findings are driven by changes in the healthcare provided rather

than by general economic improvements due to the hospital modernization. Nonetheless, to re-

duce residual variation and decrease standard errors, in our preferred specification we add Xct, a

vector of control variables including the percent of the population that is illiterate, Black, of other

race, and residing in urban areas. It also includes retail sales per capita, which helps to control for

New Deal spending (Fishback et al. 2005), and an indicator for the presence of a county health

department (Hoehn-Velasco 2018, 2021). Furthermore, all specifications include county-of-birth

(ζ) and year-of-birth (η) fixed effects. We cluster the standard errors (εct) by county of birth to

account for correlated errors within a county. In our preferred Poisson specification, we weight

observations by the number of births that occur in each county-year.20

Treatment effect: The treatment variable is 1(t > First appropriation year )ct, which takes the

value of one for the first year that a county received an appropriation from The Duke Endowment

and for all years thereafter. The treatment effect of interest is exp(α1) − 1, which captures the

percent change in infant mortality compared to the untreated counterfactual in our difference-in-

differences framework. Given that the model is non-linear, the treatment effect is identified under

the assumption of parallel trends in the log of the expected potential outcomes (Lechner 2011;

Ciani and Fisher 2019; Lee and Lee 2021). This is an intent to treat effect, as capital appropriations

from The Duke Endowment represented a commitment to provide financial resources that does not

account for either the utilization (i.e., actual spending) or the allocation of funding (i.e., what the

money was spent on).

Event studies: We also present event studies of the following form:

20This method produces identical results to a model that uses the count of deaths as the outcome variable and
includes an exposure variable equal to the number of births. We prefer our specification because it provides a clearer
comparison to the alternative specifications we run as robustness checks.
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YRct = exp(α0 +

−2∑
j=−7

αj1(t−First appropriation yearct = j)

+

7∑
j=0

αj1(t−First appropriation yearct = j)+ζc+ηt)εct (2)

where j indicates the time period relative to the first appropriation year. The coefficients α−7

to α−2 capture trends prior to the start of the funding while coefficients α0 to α7 capture effects

of access to Duke Endowment resources. The omitted category is one year prior to the start of

the treatment. Our event study plots omit the left-most and right-most coefficients, which are

binned. Thus, the coefficient on α−7 indicates relative time periods between −18 and −7, while

the coefficient on α7 represents relative time periods between 7 and 15. The choice of cutoffs is

informed by Online Appendix Figure F2, which shows that the number of treated counties by event

time drops off beyond±6. The results are virtually unchanged if we do not bin the coefficients. We

weight observations by county- and year-of-birth cohort size and do not include additional controls

for ease of interpretation and to be in line with recent recommendations in the literature. Standard

errors (εct) are clustered by county of birth to account for correlated errors within a county.

Alternative estimators: While the recent literature has developed new DiD estimators that en-

sure that no previously treated counties are included in the control group, these methods typically

involve linear models and thus they are not well-suited for our preferred specification. To cir-

cumvent this limitation and to ensure the internal validity of our estimates, we also implement

a stacked regression model following Cengiz et al. (2019), which can be estimated by Poisson

pseudo-maximum likelihood. We do so by creating treatment-timing group specific data sets that

include counties first exposed to Duke Endowment funding in a particular year and “clean con-

trol” counties that have not yet been treated in various estimation windows. We stack these data

sets and estimate DiD regressions and event study specifications that modify Equations 1 and 2,

respectively, by saturating the county- and year-of-birth fixed effects with indicators for each of

the stacked data sets. Our preferred estimation window runs from t=−6 to t= 6, but we consider

smaller windows as alternatives in Online Appendix E to demonstrate robustness.
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In Section 5, we also present results based on a variety of the new difference-in-differences

estimators, with the caveat that these methods involve linear models. Thus, we execute our ro-

bustness specifications with log(YRct) as the dependent variable and estimate the two-way fixed

effects models using OLS rather than the preferred Poisson pseudo-maximum likelihood with YRct.

For this log(YRct) outcome, we conduct event studies using estimators from de Chaisemartin and

D’Haultfœuille (2020), Callaway and Sant’Anna (2021), Gardner (2021), and Sun and Abraham

(2021), as well as using two-way fixed-effects for comparison.

4 Results

We begin by presenting raw infant morality data by calendar year and treatment status. The first

row of Figure 2 depicts infant mortality rates per 1,000 live births in North Carolina between 1922

and 1942 separately for counties that received Duke Endowment support by 1942 (solid pink line)

and those that did not (dashed black line). We present results pooled across racial groups (column

A) and separately for Black and White infants (columns B and C). There are three descriptive

patterns of interest in these figures. First, before the initial appropriation was granted in 1927, the

infant mortality rates trended in a similar way in both treated and untreated counties, suggesting

that our identifying assumption of parallel trends should hold. Second, with the exception of the

White sample, the infant mortality rate is higher in the pre-Endowment period for eventually treated

counties, which is consistent with the idea that the Endowment targeted worse off and under served

communities. Third, after 1927, the infant mortality rate in treated counties dipped below that of

untreated counties, suggesting that the Endowment could have played a causal role in driving the

observed data patterns.

The middle row of Figure 2 plots average infant mortality for treated counties in event time.

Pre-treatment data are displayed using a solid pink line and post-treatment data are plotted by a

dashed pink line. The dashed black line shows a best-fit line estimated using only pre-treatment

data. This trend is continued into the post-treatment time period to serve as a simple comparison of

potential outcomes. These figures show a clear trend break following the first capital appropriation

from the Endowment. In each figure, the deviation is substantial and negative, indicating that Duke
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support likely reduced infant mortality.

Having discussed the descriptive patterns in the infant mortality rates in North Carolina, we

now turn to our main difference-in-differences results from estimating Equation 1, which are pre-

sented in Table 1. In columns (1) to (3), the dependent variable is the number of infant deaths

and in columns (4) to (6) it is the infant mortality rate per 1,000 live births; in both cases it is

measured at the county-by-year level. Each coefficient in panels A to C is estimated by Poisson

pseudo-maximum likelihood and comes from a separate regression that includes county-of-birth

and year-of-birth fixed effects. Columns (1) and (4) present baseline two-way fixed effects models

without weights or controls, columns (2) and (5) weight observations by the number of county-

by-year births, and columns (3) and (6) include weights and the control variables described in

Section 3. Our preferred specification in column (6) uses the infant mortality rate as the depen-

dent variable and includes both weights and the aforementioned set of control variables. Panel A

presents pooled estimates while panels B and C estimate effects separately for Black and White in-

fants, respectively.21 In the last row, we present p-values for the difference in coefficients presented

in panels B and C that are estimated using a model that is fully interacted with race.

We find that exposure to Duke Endowment support around the time of birth reduced infant mor-

tality by 8.4% to 10.9% (panel A). The effects are larger for Black infants compared with White

infants. In our preferred specification in column (6), the coefficients imply that Duke support

caused a 10.0% reduction in pooled infant mortality, a 16.4% reduction in Black infant mortality,

and a 7.1% reduction in White infant mortality. The difference between the race-specific estimates

is statistically significant at the 5% level. Generally, we cannot reject the equality of coefficients

across the six specifications, and thus we view them as being quantitatively and qualitatively sim-

ilar. For this reason, unless otherwise noted, in the reminder of the paper we mostly focus on our

preferred specification from column (6).

21There are fewer observations in panels B and C because in 5 counties we do not observe Black births in all
county-by-year cells. We drop these counties from the analysis split by race but include them in the pooled analysis
in panel A. Pooled results are almost identical when run on the sample considered in panels B and C. We discuss the
steps we take to deal with cases of zero births or zero deaths, and other adjustments to birth or death counts, in Online
Appendix D.
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The average treatment effects documented in Table 1 are consistent with the graphical evidence

and further validated by event studies based on estimating Equation 2. These results are presented

in the bottom row of Figure 2. In each case, prior to the first dollar being appropriated to a county,

there are no significant differences in infant mortality between treatment and control groups. This

finding supports our identifying assumptions of parallel trends and no anticipation. By contrast, in

the post-treatment periods we do see marked declines in mortality starting from the second year

after the initial appropriation.22 The statistically insignificant estimates in the first two post-period

years are consistent with a lag between when the funds were appropriated by The Duke Endow-

ment and when improvements to hospitals could be effectively implemented (Online Appendix

Figure B1).

Magnitudes: To put our estimates into context, it is useful to consider the overall changes in

infant mortality over the study period. The pooled infant mortality rate in North Carolina declined

by 35.9% (from 72.6 to 46.6 deaths per 1,000 live births) from the time period just before Duke’s

intervention (1922-1926) to the end of the study period (1938-1942). Similar reductions of 37.9%

and 34.8% were observed for Black and White infant mortality, respectively. Our treatment effect

estimates above imply that 27.8% of the reduction in pooled infant mortality could be attributed

to Duke support. These back-of-the-envelope calculations differ considerably by race, as Duke

support contributed to 43.2% of the reduction in Black infant mortality but only 20.3% of the

reduction for White infants.

We can also compare our effect sizes to other estimates in the literature, especially those ex-

22In Online Appendix C we document effects on fertility measured by the number of births per 1,000 women (Ta-
ble C3) and on maternal mortality (Table C2). Point estimates for fertility neither imply major changes in childbearing
due to improved health care infrastructure, nor suggest a cohort-composition concern that one might have when in-
terpreting our main results. On the other hand, we find point estimates indicating reduced maternal mortality that are
comparable in magnitude to our infant mortality estimates, but they are imprecisely estimated and in most cases are
not statistically different from zero. This is not inconsistent with general trends in maternal mortality. From 1932 to
1942, maternal mortality in North Carolina declined by 51% from 7.2 to 3.5 deaths per 1,000 births (this was similar
to the decline in infant mortality over the same time period of 41% from 66.7 to 39.5 deaths per 1,000 live births).
Despite these large reductions, one reason for the lack of precision in our treatment effect estimate may be because the
data are only reported beginning in 1932, and thus the sample includes roughly half the number of observations as in
the main specification. Additionally, since maternal mortality is a rarer outcome than infant mortality, being roughly
ten times less likely to occur for each live birth, the variation may be insufficient to precisely estimate the effects.
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amining a variety of health-related interventions from the US in the first half of the twentieth

century. For example, the Sheppard-Towner Act reduced infant mortality by up to 1.9 deaths per

1,000 births, explaining 21% of the infant mortality rate decline from 1924 to 1929 (Moehling and

Thomasson 2014). On the other hand, midwifery licensing reforms had a modest effect on average

infant mortality and no detectable relationship with White infant mortality. For non-White infants,

the coefficients were larger at 9.6% and statistically significant (Anderson et al. 2020). Finally, the

introduction of water filtration in US cities between 1900 and 1940 led to 11 to 12% declines in

infant mortality, but other public health and sanitation measures did not (Anderson et al. 2022).

Our estimated effects are also in line with results of more recent healthcare interventions. For

example, Goodman-Bacon (2018) focuses on the introduction of Medicaid and finds that a 1 per-

centage point change in the initial Aid to Families with Dependent Children (AFDC) rate in a state

lead to a 1.4% reduction in infant mortality implying an ATT of about 30% for non-White infants.

Similarly, a 30 percentage point increase in Medicaid eligibility for pregnant women between 1979

and 1992 decreased infant mortality by 8.5% (Currie and Gruber 1996a).

Finally, when comparing our treatment effect magnitudes to health interventions outside of the

US, we again see close parallels. For example, the introduction of Bismark’s compulsory social

health insurance in the German Empire during the late-nineteenth century reduced infant mortality

by 1.6%, explaining 22% of the decline in German infant mortality up to the beginning of the

twentieth century (Bauernschuster et al. 2019). The introduction of Norwegian health care centers

reduced infant mortality by up to 18% (Bütikofer et al. 2019) and a similar intervention in Sweden

increased infant survival by about 24% (Bhalotra et al. 2017). Overall, the Scandinavian findings

appear somewhat larger than what we find in North Carolina, perhaps because both interventions

specifically targeted mothers and infants whereas The Duke Endowment supported general health-

care investments in the community. Given that we focus on individuals treated around the time of

their birth, due to data limitations, and since hospital modernization likely benefited other groups

as well, our estimates are likely conservative with respect to broader welfare improvements.
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Intensive margin: While we have focused thus far on the extensive margin of appropriations from

The Duke Endowment, we also consider intensive margin effects and conduct a cost-benefit anal-

ysis. For each county, we know the exact amount of money appropriated and paid out by the

foundation. Thus, we re-estimate Equation 1 using cumulative appropriations or cumulative pay-

ments instead of a dummy treatment variable. The results of this analysis are presented in Table 2.

Columns (1) and (2) present effects per $1 million (2017 $) of appropriations and payments, re-

spectively, while column (3) shows the conversion rate between a dollar appropriated (i.e., a com-

mitment to pay) and a dollar paid. It is clear from this analysis that only about half of the promised

appropriations were paid out, highlighting the focus on frugality and the careful oversight from the

foundation in how the money was spent. For example, Endowment payments could have been con-

tingent upon certain bureaucratic standards being met by the hospital. On some occasions money

appropriated, but not paid out, would carryover to the next year as another appropriation.

Due to the relatively low conversion rate, per dollar treatment effect estimates appear much

larger for payments compared with appropriations. When we consider the actual money spent by

the foundation, we find reductions in infant mortality in the range of 6.6% (White infants) to 9.1%

(Black infants) per $1 million. Based on the amount appropriated and spent, one life was saved

for every $39,000 appropriated or $20,000 spent (in 2017 dollars), implying that the Endowment’s

intervention passes any cost-benefit analysis using a reasonable estimate for a VSL.23 Most other

papers in the literature lack the detailed cost data needed to provide similar estimates, with the no-

table exceptions of Currie and Gruber (1996a) and Goodman-Bacon (2018), who find that an infant

death could be averted at a cost of about $1.9 million and $175,000 (in 2017 dollars), respectively,

which suggests that investment in hospital infrastructure is orders of magnitude cheaper than other

previously studied interventions.

Heterogeneity: In Online Appendix Figure B2 we examine heterogeneity in the effects on infant

mortality by four project categories targeted for funding: new hospitals, additions to hospitals,

23For example, Ashenfelter and Greenstone (2004) estimate VSL at $2.8 million while in a review article Viscusi
(2018) finds a median VSL in US at $10.3 million.
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equipment, and purchases of existing facilities (typically for conversion to a non-profit). Each

estimate comes from a separate regression with the category of interest as the treatment, while

excluding commitments for other project types. Regardless of whether we consider the extensive

margin intent-to-treat specification (panel A), or the intensive margin of appropriations (panel B) or

payments (panel C), we find that the effects of each project type, along with the effect of residual

commitments, are comparable to the main estimates. The lone exception is for estimates of the

effects of purchases of existing facilities, for which the impact of appropriations is noisy and the

effect of payments is zero. Given that we still find an extensive margin effect of converting a private

facility to a non-profit hospital, the weaker intensive margin estimates could imply that extending

access to an existing facility does not convey additional benefits when it is simply more expensive.

Overall, these findings support our interpretation of Duke support as a multifaceted and bundled

treatment.

5 Robustness Checks

Point estimates and statistical significance for our main infant mortality results in Table 1 are

robust to the choice of estimator, specification, transformation of the dependent variable, choice

of the control group, or other sample restrictions. We provide a visual overview of many of these

checks in Figure 3. Our event study findings in Figure 2 are likewise insensitive to the use of esti-

mators designed to address concerns about treatment effect heterogeneity and bias in a difference-

in-differences setting with staggered treatment adoption (Figure 4). This array of tests demon-

strates that our results are not driven by the two primary econometric threats to identification:

differential pre-trends and selection into treatment.

Stacked regression (Cengiz et al. 2019): While our preferred event study model is estimated by

Poisson pseudo-maximum likelihood, most of the recently proposed estimators that address treat-

ment effect heterogeneity are only implemented for linear models. As an alternative, we consider a

stacked regression design following Cengiz et al. (2019) which can be estimated both by OLS and

Poisson. In Online Appendix Figure E1 we report estimates from stacked Poisson event studies
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and find treatment effects that are similar to the main Poisson event study estimates, as well as sup-

port for parallel pre-trends. We also document that our results are invariant to adjusting the width

of the event-time window from ±3 to ±6 and insensitive to the inclusion of control variables. In

Online Appendix Table E1 we further present Poisson and OLS average treatment effects for infant

mortality rate.

Alternatives to two-way fixed effects: As it is common in the literature to estimate linear models

with the natural log of the infant mortality rate per 1,000 live births as the dependent variable, we

present results based on this specification in Figure 4. In addition to the standard two-way fixed

effects OLS specification (blue X marks), we compute the estimators proposed by de Chaisemartin

and D’Haultfœuille (2020) (red circles), Callaway and Sant’Anna (2021) (grey diamonds), Sun and

Abraham (2021) (green triangles), and Gardner (2021) (orange squares). The results are similar

across all of the estimators, ruling out bias due to treatment effect heterogeneity. As before, we see

an absence of pre-trends.

Goodman-Bacon (2021a) decomposition: The validity of our event study results is further sup-

ported by the Goodman-Bacon (2021a) decomposition reported in Online Appendix Table F2 and

Figure F1. The 2x2 DiD comparisons of treated versus untreated units receive the lion’s share of

the weight in the overall two-way fixed effects DiD estimate, as expected given the rapid roll out of

the program and the reasonable fraction of untreated counties in our sample. Reassuringly, these

comparisons give estimates close to the overall DiD estimate (Online Appendix Table F2). With

one exception, the early versus later and later versus early treated comparisons are negative and

smaller in magnitude compared to the overall DiD estimate. In all cases, these comparisons receive

much lower weight (below 10%) than the treated versus untreated ones. These findings ease our

concerns about bias in the two-way fixed effects DiD results stemming from comparisons of early

versus later treated units.

25



Functional form and aggregation: Alongside the event study results discussed above, we show

that our results from Table 1 are similarly robust. Online Appendix Table G1 reports estimates of

linear models with the dependent variable YRct specified in levels, as log(YRct), and as log(YRct+1),

which indicate that the results are unaffected by the functional form of the dependent variable. For

a subset of the alternate DiD estimators, we also aggregate the event study estimates to obtain ATT

estimates that are comparable to those in Table 1. These estimates are reported in Online Appendix

Table F1 and in Figure 3, and use the log(YRct+ 1) transformation as the outcome. The average

treatment effects are comparable to or larger than those estimated using our preferred specification,

ranging from negative 9.2% to negative 20.4%, which suggests that our preferred estimates my be

especially conservative.

Non-Carolina controls: Next, in Online Appendix H, we replace North Carolina counties in the

control group with southern counties that were never eligible for any form of assistance from

the Endowment (i.e., counties in southern states excluding the Carolinas). This exercise addresses

concerns about selection into treatment and spillover effects. For example, North Carolina counties

in the control group may have been ill-prepared to take advantage of Duke funding or simply may

not have had any non-profit hospitals. In addition, higher-quality physicians could have moved

from control to treated counties or the state government could have redirected resources from

counties that did not get Duke support to those that did (or vice versa). In the presence of such

general equilibrium effects, our difference-in-differences estimates may overstate the benefits of

the intervention. Thus, we define alternate sets of control-group counties that should not have been

affected by any spillovers or selection.

Our DiD regression results in Table H1 are almost identical to our preferred point estimates

regardless of whether we add other southern counties to the control group (column 1) or if we also

drop the North Carolina control counties (column 2). We also consider the possibility that non-

profit hospitals in the treatment group could be more motivated or better equipped to attract funding

– which could correlate with the quality of care they provide and, ultimately, with improved health
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outcomes. Thus, we limit the control group to non-Carolina southern counties that had a non-profit

hospital at some point during the sample period (column 3). Our results and conclusions remain

unchanged. Event study results – based on the sample from column 2 of Table H1 – presented in

Figure H1 likewise support the robustness of our results.

Instrumental variables: As another layer of evidence showing that our findings are not driven

by selection, we consider a version of our intensive-margin treatment effects in an instrumental

variables setting. The instrument exploits two exogenous sources of variation. The first source

is temporal and leverages the fact that as income from the Endowment’s investments increased,

so did the ability of the Endowment to appropriate and spend funds. The second source is cross-

sectional and exploits the fact that North Carolina counties with a not-for-profit hospital at the time

the Endowment was founded had an advantage over other counties because they were eligible for

capital appropriations to improve existing hospitals. We interact the temporal and cross-sectional

sources of variation to create our instrument. The first term in the interaction is the cumulative

returns of The Duke Endowment’s assets.24 The second term in the interaction takes the value of

one if a county is in North Carolina and had a not-for-profit hospital in the year before The Duke

Endowment began appropriating money for capital projects, and takes the value zero otherwise.

We use two comparison groups, one consisting of counties outside of North Carolina with not-for-

profit hospitals that were ineligible for Duke support, and another consisting of counties in North

Carolina without existing not-for-profit hospitals.

Following our previous intensive margin specifications in Table 2, Table H2 presents results

using both capital appropriations (left) and payments (right). Each set of specifications includes a

Poisson regression, an OLS regression with the dependent variable equal to the natural log of the

infant mortality rate, the first-stage regression of the potentially endogenous measure for Duke-

support on the instrument, the reduced form regression of log infant mortality rate on the instru-

24We obtained original financial statements of The Duke Endowment containing these data from the Joseph and
Matthew Payton Philanthropic Studies Library. For exactness, we consider returns less operational overhead and less
20% (which is placed back into the principal, as outlined in the Indenture of Trust). However, our results are not
sensitive to this decision and are virtually identical when we use total returns.
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ment, and an instrumental variable specification.25 We consider the effects for two samples. The

first sample (panel A) ranges from 1930 to 1940 and includes only those North Carolina counties

that had a not-for-profit hospital in the year before The Duke Endowment began capital appro-

priations, and all non-Carolina southern counties that had a not-for-profit hospital.26 The second

sample (panel B) includes all North Carolina counties from 1922-1942.

Compared to the Poisson and OLS based intensive margin results, the instrumental variables

framework yields larger point estimates that are still statistically significant at conventional levels.

We report both Anderson and Rubin (1949) 95% confidence sets and tF 95% confidence intervals

(Lee et al. 2022) for each IV estimate, demonstrating that the strength of our first stage is not an

issue. Results suggest that for every million dollars of Duke appropriations in a county, the infant

mortality rate declined between 9 and 11%. For payments, the effect sizes are between 15 and

17% per one million dollars. These point estimates are larger than their non-IV counterparts. If

selection into treatment, targeting of funds, or trends in counties with not-for-profit hospitals were

driving our results, we would expect the instrumental variable results to attenuate these treatment

effect estimates.27 The finding of a larger, negative effect mitigates these concerns and provides

additional evidence in favor of our overall argument.

Randomization inference: We next consider whether the non-random selection of counties that

received Duke support or the non-random timing of treatment may have distorted our main esti-

mates for infant mortality. In Online Appendix Figure I1, we present results from a randomization

inference exercise (based on the specification from column 5 of Table 1) where we randomly as-

sign 48 of the North Carolina counties to the treatment path of the true treated 48 counties. As

25To simplify the exposition of this analysis, we report results of the instrumental variables analysis using the
natural log of the pooled infant mortality rate as the dependent variable. Results using Black or White infant mortality
measures are similarly larger than their accompanying non-IV estimates, but are not presented due to space constraints.

26These data are from Bailey et al. (2015) and are unbalanced before 1930 and after 1940.
27For example, if counties selected into treatment because they were better suited to take advantage of the mod-

ernization efforts of The Duke Endowment, it could be the case that our non-IV estimates overstate the effect of The
Duke Endowment. Similarly, it could be the case that The Duke Endowment targeted projects which it believed would
have the highest investment returns, although such selective behavior should be less pronounced in larger windfall
years because resources are more plentiful. Finally, it could be the case that counties with non-profit hospitals were
on different mortality trends than other counties.
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expected under the no-selection hypothesis, the average placebo estimate is symmetric and cen-

tered around zero. We also use this exercise to construct two-sided randomization inference based

p-values for our preferred point estimates (Young 2019). We do so by comparing the absolute

value of each treatment effect estimate to the absolute value of pseudo-treatment effect estimates

drawn from 10,000 different randomly drawn treatment assignments. The p-value is the percent of

random draws that are larger in absolute value than the estimated treatment effect. Using this pro-

cedure, our results remain statistically significant at conventional levels, and p-values are largely

unaffected, although they are slightly larger at 2% for the pooled specification, 3% for the Black

specification, and 6% for the White specification. This procedure indicates that our results are not

driven by spurious time trends in infant mortality across all counties or by spillovers across treated

versus untreated counties in North Carolina.

Sample restrictions: When treatment is staggered, DiD estimates place greater weight on treat-

ment groups that are treated closer to the middle of the panel and may be sensitive to panel length.

Even though over half of the Duke rollout occurred within the first two years of program launch,

the extended rollout period could bias our estimates due to dynamic treatment effects that vary

across treatment timing groups (Goodman-Bacon 2021a; Baker et al. 2022). Thus, in Figure 3, we

document that our results are not sensitive to changing the endpoints of the panel. Additionally,

the results are not affected by including the World War II period in the sample or by changing the

start of the panel.

A related concern is a potential bias due to the inclusion of small counties in the sample.

Although we weight observations by county-by-year-of-birth cohort size in our preferred speci-

fication, doing so may not eliminate such bias entirely. We confirm this bias is not an issue by

sequentially dropping the smallest counties (in increasing increments of five) until only half of

the original sample remains. Our results are largely unaffected by these changes to the sample

composition.

We also explore whether our results are driven by mortality immediately after birth, a period
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with the largest scope for measurement error in recording deaths.28 In Online Appendix Table C4

we estimate effects on day-one mortality and test the sensitivity of the main results to excluding

deaths on the first day, in the first week, or in the first month. While we find somewhat more

negative coefficients for day-one mortality, our results are unaffected by dropping deaths reported

in the first month of a child’s life. Therefore, we are not concerned that measurement error in

deaths during early infancy is driving our results.

Finally, it may be possible that Duke support changed the likelihood of birth occurring in a

supported county, which is important given that we use the number of births in some specifications

to create both the infant mortality rate and to weight observations. To ensure that this potential bias

does not affect our results, we consider specifications that do not include the number of births and

focus solely on deaths. Our overall findings are largely unaffected by this restriction. For example,

column (1) of Table 1 uses the count of infant deaths by county and year of birth and includes

no weights. Here, we find a 9% reduction in pooled infant mortality (vs. 10% for our preferred

specification that includes births), a 13% (vs. 16%) reduction for Black infants, and a 6% (vs. 7%)

reduction for White infants.

6 Mechanisms and complementarities

6.1 Effects on physician labor market

Next, we consider whether the effects of support from The Duke Endowment extended beyond

the patients and into the physician labor market. Even though Duke support was not directly tied

to hiring physicians, those who ran the foundation believed that improved funding and working

conditions in North Carolina’s hospitals should attract higher-quality doctors. Table 3 presents the

physician labor supply results in which we focus on the extensive margin of the treatment, as in

our preferred set of results for infant mortality in Table 1.

We document the effects on the number of doctors (columns 1-3) and doctors per 100,000

population (columns 4-6) measured at the county-by-year level. Column (1) represents the simplest

28In our main specifications, we follow published infant mortality statistics in restricting attention to live births,
thereby excluding stillbirths. In Online Appendix C, we examine potential measurement error in recording stillbirths.
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specification, where weights and controls are not included and the dependent variable is the count

of physicians.29 Column (6) is analogous to our preferred specification from the infant mortality

results. Outcomes include all physicians (panel A) as well as high quality (panel B) and low quality

(panel C) doctors. Physician quality is based on whether the medical school a physician graduated

from required a 2-year undergraduate degree at the time of their admission (Moehling et al. 2020).

In comparison to our infant mortality findings, these results are somewhat more sensitive to the

econometric specification, but they broadly point towards two conclusions. First, in three out of six

specifications there is statistically significant positive effect on the total labor supply of physicians

in a county. Second, this effect is driven by two offsetting forces: an increase in higher-quality

physicians and a decrease in lower quality physicians. Indeed, in the preferred specification in

column (6), we find a 10.7% increase and a 9.0% decrease in these two groups, respectively. This

substitution effect led to the average graduation year of physician shifting forward in time by

12 years, thereby realizing the Endowment’s aim of attracting better-qualified physicians to the

hospitals it supported.30

Importantly, our results are not driven by a reshuffling of physicians within North Carolina.

Online Appendix Figure C1 shows that the number of high and low quality physicians per 100,000

population across treatment status and calendar time. It is clear from this figure that the number

of high-quality physicians increased in both treated and control counties and that the increase was

greater in treated counties following the rollout of support from the Endowment. Similarly, the

number of low-quality physicians decreased in both treated and control counties, but that decrease

was greater in treated counties.

For brevity, we do not perform all of the robustness checks for the physician outcomes. How-

29This specification is not our preferred one, since it weights counties with small and large populations equally.
Nonetheless, we find the results informative because population is not included as either a weight or in the denominator
of the dependent variable (i.e., in constructing a rate). Thus, the results sidestep potential concerns that population
may be responding to Duke support, thereby obscuring the interpretation of our treatment effect estimates.

30Physician age is positively correlated with experience and could be viewed as a proxy for quality, but in our
setting, only the younger doctors were educated in higher-quality institutions in which modern medical practices and
techniques were taught. Many of the older physicians obtained their education from schools that dissolved after the
Flexner report (Moehling et al. 2020).
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ever, in Online Appendix Table G2, we demonstrate that our findings are robust to estimators other

than Poisson and are qualitatively similar to the preferred results when using OLS, a log-level

specification that drops zero-valued observations, and a log-level specification that adds one to all

observations.

6.2 Interactions with medical innovation

Given the meaningful improvements in the average human capital of physicians practicing in

Duke-supported counties that we documented above, we now ask if medical innovation in the form

of sulfa drugs – the first modern treatment that could effectively control and fight bacterial infec-

tions – had differential effects in these locations. In other words, we examine whether the effects of

Duke support are magnified (complements) or diminished (substitutes) by medical innovation. For

example, it is plausible that while doctors were undergoing training in selective medical schools,

they were exposed to new medical interventions and thus they may have been more likely to admin-

ister them, use them more effectively, and inform their colleagues about them.31 To the extent that

sulfa drugs have positive effects (Jayachandran et al. 2010), we would expect the two inputs to be

complements. On the other hand, easy access to effective outpatient treatments such as antibiotics

might lead to a shift in healthcare provision, rendering hospital access – the primary goal of Duke

support – less important, thus leading to the two inputs being substitutes. Finally, the inputs might

be independent as some prior “lightning strikes twice” studies have found no interaction effects

(Duque et al. 2021).

In order to answer this question, we follow a three-steps procedure. First, we have already

estimated the effects of Duke support using Equation 1, as discussed in Section 3 and presented in

Table 1. Second, in Online Appendix C, we estimate the effects of sulfa drugs on infant mortality

using a within North Carolina shift-share design. The findings, based on our preferred specification

from column 3 of Online Appendix Table C6, suggest that sulfa drugs reduced infant mortality

31For example, Escarce (1996) shows that access to information about laparoscopic cholecystectomy influenced
surgeons’ adoption behavior, while Centola (2010) shows that individuals are more likely to register for a health
forum if they received social reinforcement from their neighbors in the social network. This evidence is consistent
with a broader literature on peer effects and social networks in technology adoption that mostly uses experimental
evidence from agriculture in developing countries (Conley and Udry 2010; Beaman et al. 2021).
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from 6.5% to 10.5%. Third, given the results presented in Tables 1 and C6, we ask if the two

inputs – Duke support and sulfa drugs – are complements, substitutes, or independent treatments,

by interacting our roll-out (Duke support) and shift-share (sulfa drugs) difference-in-differences

designs and estimating the following equation:

YRct = exp(γ0+γ11(t> First appropriation year)ct
+ γ21(t> First appropriation year)ct×Post sulfat
+ γ31(t> First appropriation year)ct×Pneumonia mortalityc
+ γ4Pneumonia mortalityc×Post sulfat
+ γ51(t> First appropriation year)ct×Pneumonia mortalityc×Post sulfat
+ ζc+ηt+ΘXct)εct (3)

where YRct, ζc, ηt, Xct, and 1(t > First appropriation year)ct are defined as in Equation 1. The

variable Pneumonia mortalityc is defined as the average county-level pneumonia mortality for the

years 1922 to 1926 (our share factor) while the variable Post sulfat takes the value of 1 for the

years 1937 and later, and zero for prior years (our shift factor). The main parameter of interest in

this equation is γ5 which describes how the effects of receiving Duke funding change after sulfa

drugs become available, across counties with different levels of baseline pneumonia mortality. The

auxiliary parameters, γ1 to γ4, further enable us to compute Duke funding effects separately for the

pre- and post-sulfa periods (shift factor) and separately for counties with high- and low-pneumonia

mortality (share factor). We cluster the standard errors (εct) by county of birth to account for

correlated errors within a county.

Table 4 presents linear combinations of these coefficients to ease the interpretation. Panel A

presents an estimate for the interaction of Duke funding with the introduction of sulfa drugs when

moving from a county in the 25th percentile of the baseline pneumonia mortality rate to one in the

75th percentile. It suggests that gains from Duke support grew when medical innovation became

available, and did so to a greater extent in counties (with high baseline pneumonia mortality)

poised to benefit from the new treatment, implying that these two inputs are complements. Our

results are in line with Alsan and Goldin (2019) who find compounding effects of clean water and
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sewerage infrastructure, but are in contrast with some studies that focus on human capital formation

which find shocks to be substitutes rather than complements (e.g., Rossin-Slater and Wüst 2020;

Bütikofer et al. 2021).

In panels B and C, we unpack this interaction coefficient into its components by computing the

effects of Duke support separately in locations with and without high baseline pneumonia, as well

as before and after the introduction of sulfa drugs. An inspection of these coefficients facilitates

the interpretation of the interaction term. First, there are no effects of Duke funding in low baseline

pneumonia mortality counties either before or after the introduction of sulfa drugs (rows 2 and 4

in Panel B). Furthermore, the pre-vs-post sulfa difference in the effect of Duke in these counties is

small and insignificant (row 2 of Panel C). Second, in high baseline pneumonia mortality counties,

coefficients on Duke support are statistically significant at conventional levels in both the pre- and

post-sulfa periods (rows 1 and 3 of Panel B), but they are larger after sulfa drugs become available.

Put differently, the reduction in infant mortality due to Duke funding is increasing with baseline

pneumonia mortality, but to a greater extent in the post-sulfa period (rows 3 and 4 of Panel C).

We conclude from these findings that reductions in infant mortality due to hospital modernization

occurred even absent medical innovation. Moreover, the result that the effect of Duke support is not

only larger in the post-sulfa period, but also increasing in baseline pneumonia mortality indicates

that the hospital modernization was complementary with medical innovation.

7 Long-run mortality

Having documented that Duke funding reduced infant mortality, disproportionately so for

Black compared to White infants, and discussed two plausible mechanisms behind these find-

ings, we next ask if these health gains translated into reductions in later-life mortality for those

exposed to Duke funding around the time of their birth. All our long-run analyses are conditional

on survival to at least age 56 for reasons described in Section 2. On one hand, if reductions in

early life mortality are positively associated with health capital, and by extension human capital

and income, then we would also expect to find a decrease in mortality at older ages. On the other

hand, Duke funding might have induced the most vulnerable individuals to survive past the first
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year of life. If these individuals likewise survived past age 55, then we could expect to find null

effects or even see increases in later-life mortality steaming from the fact that those adults saved

as children may still be more unhealthy and more likely to die than peers who were not reliant on

Duke support for surviving infancy.

We begin by presenting descriptive plots of later-life mortality at ages 56 to 65, separately for

cohorts exposed (pink solid line) and not exposed (black dashed line) to Duke funding around

the time of birth during our sample period (Online Appendix Figure C2). Regardless of whether

we examine effects on overall later-life mortality, or mortality separately by race, we find that

individuals who were not treated around the time of birth had persistently higher mortality at all

ages from 56 to 65. Furthermore, in all cases, the two lines diverge with age, implying a steeper

age-mortality gradient among cohorts that were not affected by Duke support. Equipped with this

descriptive evidence, we formalize the analysis and estimate the following equation:

YRctf = exp(β0+β11(t> First appropriation year)ct+ζc+ηt+ΘXctf)εctf (4)

which is very similar to Equation 1 with two exceptions: (i) we stack birth county-by-year obser-

vations over follow up years f and (ii) due to the incompleteness of the Numident prior to 1988 (as

described in Section 2) we rely on the 1932 to 1942 birth cohorts, which can all be observed for 10

follow up years between ages 56 and 65. Using Poisson maximum likelihood estimation is partic-

ularly relevant in this context since the probability of death increases with age (Online Appendix

Figure C2). In Equation 4, YRctf is the number of deaths or the death rate per 1,000 population for

those born in county c and in birth cohort t and observed in follow-up year f.32 We cluster standard

errors at the birth county level and weight each observation by the number of births in each birth

county-by-year cohort.33

32Since we observe each birth county-by-year cohort at ages 56 to 65 during follow up, we allow baseline controls
to flexibly vary with follow up years. We also verified that our results are invariant to including follow-up year fixed
effects as well as birth-cohort-by-follow-up-year fixed effects. These additional control variables are included in the
vector Xctf.

33We do not present event studies for the long-run outcomes as these are problematic to interpret for three reasons.
First and foremost, since we are interested in effects on long-run outcomes that operate through exposure around the
time of birth, and any subsequent exposures or changes could be endogenous to the original treatment, the relevant
parallel trends assumption applies to the infant mortality rate. Second, cohorts represented by the pre-treatment co-
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We present the long-run results in Table 5 which is structured similarly to Table 1 with the

number of later-life deaths as the dependent variable in columns 1 to 3 and the later-life mortality

rate in columns 4 to 6. We present pooled estimates in panel A and the effects separately for Black

and White adults in panels B and C, respectively. In each case, the reported coefficients correspond

to effects of treatment around the time of birth on mortality between ages 56 and 65, conditional on

survival to age 56. We find consistently negative and statistically significant coefficients, with the

exception of column 4 which does not include weights and thus estimates effects for an average

county rather than an average individual. In our preferred specification (column 6), the average

treatment effect is a 8.8% reduction in long-run mortality. This effect size is slightly smaller than

our preferred estimate from Table 1, but it is close enough for us to conclude that much of the gains

that accrued in infancy seem to have persisted to adulthood.

When it comes to the racial differences, the effects on Black and White later-life mortality are

very similar across specifications, a striking difference from our infant mortality results in which

the effects were twice as large for Blacks. This discrepancy could stem from the fact that some

of the most vulnerable Black infants, whose survival beyond the first year of life could have been

attributed to the intervention, did not live long enough to be included in our long-run sample, which

is consistent with the known differences in life expectancy at birth for Black and White babies.34

Alternatively, it could simply be that the marginal effects of Duke support were not differential by

race beyond age 56. This result is different from Goodman-Bacon (2021b) who finds that early age

Medicaid eligibility reduced non-Aids adult mortality before age 37 by 14.5% and 8.7% for White

and non-White individuals, respectively.35 Quantitatively our estimates appear to be of similar

magnitude as the estimates from a relatively limited literature which can trace mortality from

efficient α−2 in Equation 2 should not have had their infant mortality affected, but could have been treated at age 2
and thereafter, thus plausibly affecting their later-life mortality. Finally, due to the incompleteness of the Numident,
we use the 1932 to 1942 birth cohorts rather than the 1922 to 1942 cohorts in the long-run analysis, resulting in a
relatively shorter panel.

34For example, in 1900, Black and White life expectancy at birth was 33 and 48 years while by 2017 it increased to
61 and 69 years for these two groups, respectively (National Center for Health Statistics 2017). Data for 1900 to 1950
is more scarce but Ewbank (1987) suggests that near the end of our sample period in 1939 to 1940, life expectancy at
birth in North Carolina for Black and White infants was 54 and 64 years, respectively.

35Interestingly, using the same variation, Goodman-Bacon (2018) finds reductions in infant and child mortality only
for non-White children.
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childhood interventions, such as providing health insurance (Goodman-Bacon 2021b) or access to

in-hospital deliveries (Fischer et al. 2021), to adulthood. On the other hand, they are much larger

than the effect sizes of up to 0.7% for survival until age 64 from a nurse home visiting program

(Hjort et al. 2017). Given that the average effect sizes for the pooled population persisted almost

unchanged from infancy to pre-retirement adulthood, we conclude that Duke support improved the

long-run welfare of those treated around the time of birth.

Due to data limitations and for brevity we do not preform all of the robustness checks for

long-run mortality that we do for infant mortality. However, in Online Appendix Table G3, we

demonstrate that our findings are robust to estimators other than Poisson and are similar when

using OLS, and a log-level specification that drops zero-valued observations. The only imprecisely

estimated specification is when the value one has been added to the outcome for every observation,

which is not unexpected as there are a large number of zero-valued observations in this analysis,

so adding one represents a substantial alteration.

In a manner analogous to the infant mortality results, we also conduct analyses with non-

Carolina control counties that were ineligible for Duke funding. These results are presented in

columns (4) through (6) of Online Appendix Table H1: column (4) adds the non-Carolina data

as additional untreated observations, column (5) then excludes untreated observations from North

Carolina, and column (6) restricts the non-North Carolina counties to be those with at least one not-

for-profit hospital. Across all of these specifications, the treatment effect estimates are qualitatively

similar to those from our preferred specification. However, the inclusion of non-Carolina data does

increase the difference between the point estimates for the effect of treatment on White and on

Black mortality rates.

8 Conclusions

The barriers that limit access to effective health care in the US today – a lack of providers

and facilities in rural and impoverished areas, financial difficulties, differential access by race and

socioeconomic status, insufficient insurance, and structural impediments such as a lack of trans-

portation – are not unique to the modern era. These were also challenges almost 100 years ago in
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1924, when James Buchanan Duke established The Duke Endowment to relieve such burdens in

the Carolinas. In this paper, we use exogenous variation in support provided by the foundation –

including the building of new hospitals, expansions and upgrades of existing facilities, moderniza-

tion of equipment and improved managerial practices – to study its consequences for infant and

later-life mortality, with particular focus on racial gaps.

Our results indicate that Duke support reduced average infant mortality by about 10% at a

cost of $20,000 (2017 dollars) per life saved, which can be viewed as extremely cost-effective

compared with any reasonable VSL estimate or prior literature on the introduction of Medicaid or

its expansion. These gains were larger for Black infants compared with White infants at 16.4% and

7.1%, respectively, leading to the closing of the pre-intervention racial gap in infant mortality gap

by one-third. Furthermore, they persisted until at least modern retirement age for those exposed

around the time of birth, reducing the average mortality between the ages 56 and 65 by 9%.

We propose and provide empirical evidence for two mechanisms which could explain such

sizeable gains in health. First, we document that Duke support had a positive impact on the la-

bor market for physicians in affected counties, which attracted better educated and more recently

trained physicians. Importantly, improvements in human capital in treated counties are unlikely

to have resulted in parallel declines in control counties. Second, counties supported by the foun-

dation disproportionately benefited from the invention of sulfa drugs. This finding provides some

of the first causal evidence that medical infrastructure and medical innovation are complements

rather than substitutes. Better-educated physicians may also have been more likely to adopt such

innovation, use it more effectively, and transfer this knowledge though physicians’ networks in the

county, thus making innovation more productive in Duke-supported counties.

Although the intervention we study occurred in the first-half of the twentieth century in the US,

we view our findings as not only contributing to expanding basic knowledge about the development

of US healthcare, but also to historical and contemporaneous public policy. Despite the viewpoint

that modern medicine did not materially affect health outcomes in the US until the 1950s, our

results are proof of concept that investments in for-the-times modern hospital infrastructure were
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indeed productive in both the short- and long-run. Furthermore, what was considered a modern

hospital in the US during the 1930s and 1940s pales in comparison to the currently available tech-

nology, but it may not be that dissimilar to what is offered in less-developed nations and especially

in under-served and rural regions of these countries. To the extent that our findings generalize to

such settings, they may guide policymakers in improving infant and adult health in a cost-effective

way.

The Duke Endowment’s support for healthcare in the Carolinas also served as both inspiration

and model for the Hill-Burton Act of 1946 (Durdin 1998), which was a federal program that

subsidized large-scale construction of hospitals in under-served locations throughout the US to

ensure that each state had an average of 4.5 hospital beds per 1,000 residents. Over the life of the

program, the federal government spent over $3.7 billion on that goal (Chung et al. 2017), but very

little is known about its effects on health or human capital outcomes of individuals that it touched.

Given our findings, and the fact that the program was modelled after Duke support, it is plausible

that a non-trivial fraction of the massive decline in infant mortality in the US between 1945 and

1975 (from 44 to 18 deaths per 1,000 live births) might be attributable to this intervention. We view

this as both a policy-relevant and promising agenda for future research, which could also inform

questions about the scale-up of smaller trial programs to the national level (Davis et al. 2017).

Finally, it is important to point out that we focus on a very specific research question and

conduct analysis that is limited in part by data availability. It is likely that the effects we document

for North Carolina were mirrored in South Carolina, but we lack data to evaluate this hypothesis.

Since we find large and positive health effects that persist in the long-run, it is possible that other

economic outcomes of the treated individuals, such as human capital or wages, also improved.

Furthermore, since the support from The Duke Endowment was not targeted at pregnant women,

and because it induced permanent changes in access to modern hospitals in supported communities,

Duke-support could have affected many more people in different age and sex groups than are

considered in this paper, rendering our estimates a lower bound on the total positive welfare effects.

We believe that part of the long-run reductions in mortality we observe could be explained by the
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fact that those treated around the time of birth were also likely to be treated in childhood and

perhaps even in adulthood to the extent that they did not migrate elsewhere. We view the questions

about the cumulative effects of the program, effects on other outcomes, and impacts on other age

groups as important future extensions of this work.
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Bütikofer, Aline, Krzysztof Karbownik, and Ingrid Semb (2021) “Getting a Second Chance? Prenatal Health
Shocks and Infant Health Care,” Working Paper.
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9 Tables

Table 1. Effect of Duke support on infant deaths and infant mortality rate: Extensive margin intent-to-treat estimates

YRct = Infant deaths YRct = Infant mortality rate

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

A. Pooled infant deaths or infant mortality rate

Percent effect from Duke (=1) –8.75*** –8.35*** –8.37*** –10.84*** –10.88*** –9.97***
(2.50) (2.65) (2.33) (2.88) (2.67) (2.59)

Observations 2,100 2,100 2,100 2,100 2,100 2,100

B. Black infant deaths or infant mortality rate

Percent effect from Duke (=1) –12.84*** –11.40** –13.69*** –11.88* –15.47*** –16.37***
(4.34) (4.56) (3.83) (7.06) (4.28) (3.72)

Observations 1,995 1,995 1,995 1,995 1,995 1,995

C. White infant deaths or infant mortality rate

Percent effect from Duke (=1) –6.42** –6.79* –6.55** –10.66*** –8.48*** –7.06**
(2.88) (3.94) (2.96) (3.32) (2.97) (2.98)

Observations 1,995 1,995 1,995 1,995 1,995 1,995

P-value for difference by race 0.21 0.45 0.13 0.88 0.14 0.03

County of birth FE Yes Yes Yes Yes Yes Yes
Year of birth FE Yes Yes Yes Yes Yes Yes
Weights No Yes Yes No Yes Yes
Controls No No Yes No No Yes

Notes: * p < 0.1, ** p < 0.05, *** p < 0.01. Each coefficient comes from a separate Poisson pseudo maximum likelihood regression.
In columns 1 to 3, the dependent variable is the number of infant deaths in a county and year. In columns 4 to 6, it is the infant mortality
rate per 1,000 live births. Each coefficient represents the percent reduction in infant mortality due to receiving a capital appropriation
from The Duke Endowment. A coefficient of -10 would mean that infant mortality declines by 10%. Coefficients corrected for bias in
the following way: 100× (exp(β)−1). Control variables include % illiterate, % Black, % other race, % urban, retail sales per capita,
and presence of a county health department. In columns 2 to 3 and 5 to 6 the weights are the number of births in a county and year.
Panels B and C drop the five counties that ever have zero race-specific births between 1922 and 1942. P-values reported in the bottom
row come from tests for the difference in coefficients presented in panels B and C. They are estimated using a model that fully interacts
all variables with race. Standard errors are estimated using the delta method and are clustered at the county level.



Table 2. Effect of Duke support on infant mortality rate: Intensive margin estimates

YRct = Payments YRct = Infant mortality rate

Appropriations Appropriations Payments
(1) (2) (3)

A. Pooled infant mortality rate

Percent effect from $1 million of Duke support –4.03*** –6.98***
(0.49) (1.32)

Appropriations 0.46***
(0.09)

Observations 2,100 2,100 2,100

B. Black infant mortality rate

Percent effect from $1 million of Duke support –5.90*** –9.13***
(0.69) (1.92)

Appropriations 0.48***
(0.08)

Observations 1,995 1,995 1,995

C. White infant mortality rate

Percent effect from $1 million of Duke support –3.40*** –6.60***
(0.67) (1.50)

Appropriations 0.45***
(0.09)

Observations 1,995 1,995 1,995

P-value for difference by race 0.18 0.01 0.21

Notes: * p < 0.1, ** p < 0.05, *** p < 0.01. Estimates from econometric specifications based on
column 6 of Table 1. The first two columns test for an intensive margin effect, with the independent
variable of interest being cumulative appropriations or cumulative payments to hospitals rather than
a binary variable for ever having had an appropriation from The Duke Endowment. The dependent
variable in columns 1 and 2 is the infant mortality rate per 1,000 live births. The third column looks
at the relationship between cumulative appropriations and cumulative payments. P-values reported in
the bottom row come from tests for the difference in coefficients presented in panels B and C. They
are estimated using a model that fully interacts all variables with race. Standard errors are estimated
using the delta method and are clustered at the county level.
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Table 3. Effect of Duke support on number of doctors or doctors per 100,000 population

Number of Doctors Doctors per 100,000 population

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

A. All doctors

Percent effect from Duke (=1) 20.82*** 16.15*** 7.32 8.62 8.56* 6.60
(7.02) (5.60) (4.65) (5.53) (5.06) (4.29)

Observations 700 700 700 700 700 700

B. High quality doctors

Percent effect from Duke (=1) 25.02*** 19.93*** 11.08** 12.99 14.20** 10.74*
(7.93) (6.13) (5.04) (7.84) (6.17) (5.67)

Observations 700 700 700 700 700 700

C. Low quality doctors

Percent effect from Duke (=1) 1.84 4.43 –3.37 –11.67** –8.64** –9.03**
(5.18) (5.24) (3.84) (5.02) (3.60) (3.79)

Observations 665 665 665 665 665 665

County of birth FE Yes Yes Yes Yes Yes Yes
Year of birth FE Yes Yes Yes Yes Yes Yes
Weights No Yes Yes No Yes Yes
Controls No No Yes No No Yes

Notes: * p < 0.1, ** p < 0.05, *** p < 0.01. Each coefficient comes from a separate Poisson pseudo maxi-
mum likelihood regression. The dependent variables are specified for all doctors (panel A), high quality doctors
(panel B), and low quality doctors (panel C). In columns 1 to 3, these variables are expressed as counts, while
in columns 4 to 6, they are modified to represent the number of doctors per 100,000 population. The sample in-
cludes doctors listed in the American Medical Directory for the years 1914, 1918, 1923, 1927, 1931, 1936, and
1940. Doctors are considered high quality if they were licensed more than two years after the medical school
they attended introduced a two-year degree requirement as an admission pre-requisite. All other doctors are con-
sidered low quality. Control variables in columns 3 and 6 are listed in Table 1. Regressions with weights are
weighted by total population in county c and year t. Standard errors are estimated using the delta method and
are clustered at the county level.
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Table 4. Interaction of Duke-support rollout and sulfa-discovery shift-share DiD designs

Pooled Black White

(1) (2) (3)

A. Interaction of Duke rollout × sulfa shift-share DiD

Post-pre sulfa Pneumonia.75 – –14.34*** –12.98* –15.07**
Post-pre sulfa Pneumonia.25 (γ5) (5.28) (7.39) (5.84)

B. Duke vs. no Duke

Post-Sulfa, Pneumonia.75 –18.46*** –22.90*** –16.52***
γ1+γ2+η.75× (γ3+γ5) (3.81) (5.37) (4.17)

Post-Sulfa, Pneumonia.25 3.13 0.64 3.40
γ1+γ2+η.25× (γ3+γ5) (7.48) (11.70) (7.69)

Pre-Sulfa, Pneumonia.75 –7.98*** –12.82*** –5.76*
γ1+η.75×γ3 (2.56) (3.52) (3.26)

Pre-Sulfa, Pneumonia.25 –0.29 –0.97 –0.87
γ1+η.25×γ3 (3.73) (6.80) (4.15)

C. (Duke vs. no Duke) × (Pre vs. post sulfa) or (Duke vs. no Duke) × (Pneumonia IQR)

Pneumonia.75, Post-pre Sulfa –11.40** –11.56** –11.41**
γ2+η.75×γ5 (4.41) (5.75) (4.91)

Pneumonia.25, Post-pre Sulfa 3.43 1.63 4.31
γ2+η.25×γ5 (6.75) (7.55) (8.36)

Post-Sulfa, PneumoniaIQR –20.94*** –23.39*** –19.26***
(η.75 – η.25) × (γ3+γ5) (5.65) (8.20) (5.84)

Pre-Sulfa, PneumoniaIQR –7.71*** –11.96*** –4.94*
(η.75 – η.25) ×γ3 (2.59) (4.08) (2.93)

Observations 2,100 1,995 2,100

Notes: * p < 0.1, ** p < 0.05, *** p < 0.01. Estimates in each column come from
separate Poisson pseudo-maximum likelihood regressions. Each panel reports exponenti-
ated linear combinations of coefficients from Equation 3. Because we report exponenti-
ated linear combinations of the underlying coefficients, linear combinations of this non-
linear transform may not be equal to the reported coefficient due to Jensen’s inequality
(i.e., exp(a+ b) 6 exp(a) + exp(b)). Column 2 drops the five counties that ever have
zero Black births between 1922 and 1942. The dependent variable is the number of infant
deaths per 1,000 live births in county c and year t birth cohort. Duke exposure is a bi-
nary variable that takes the value of one in all years starting in the first year that a county
received a capital appropriation from the Endowment. Sulfa exposure (shift) is measured
by an indicator that equals to one for all years from 1937 onward. The share factor is the
average pneumonia mortality per 100,000 individuals in a county between 1922 and 1926.
PneumoniaIQR(η.75−η.25) denotes the difference between the 75th and 25th percentiles of
baseline pneumonia mortality. All regressions include county and year fixed effects. Con-
trol variables include % illiterate, % Black, % other race, % urban, retail sales per capita,
and presence of a county health department. Observations are weighted by the number of
births in a county and year. Standard errors are estimated using the delta method and are
clustered at the county level.
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Table 5. Effect of Duke support around time of birth on mortality at ages 56 to 65

YRct = Later-life deaths YRct = Later-life mortality rate

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

A. Pooled later-life deaths or later-life mortality rate

Percent effect from Duke (=1) –7.85*** –10.76*** –8.60*** –5.53 –8.31** –8.81***
(2.37) (2.18) (2.39) (3.65) (3.32) (3.15)

Observations 11,000 11,000 11,000 11,000 11,000 11,000

B. Black later-life deaths or later-life mortality rate

Percent effect from Duke (=1) –8.33*** –10.94*** –10.83*** –12.03* –9.90*** –8.50***
(2.77) (3.01) (2.44) (6.48) (2.69) (2.61)

Observations 9,570 9,570 9,570 9,570 9,570 9,570

C. White later-life deaths or later-life mortality rate

Percent effect from Duke (=1) –7.30** –10.74*** –7.74*** –1.20 –7.57* –8.65**
(3.12) (2.57) (2.51) (5.07) (4.50) (3.53)

Observations 9,570 9,570 9,570 9,570 9,570 9,570

P-value for difference by race 0.78 0.96 0.30 0.22 0.60 0.96

County of birth FE Yes Yes Yes Yes Yes Yes
Year of birth FE Yes Yes Yes Yes Yes Yes
Weights No Yes Yes No Yes Yes
Controls No No Yes No No Yes

Notes: * p < 0.1, ** p < 0.05, *** p < 0.01. Each coefficient comes from a separate Poisson pseudo maximum likelihood regression. The
unit of observation is a birth county by birth year by follow-up year triplet. Birth cohorts are restricted to 1932 to 1942. Deaths are restricted
to ages 56 to 65 and years 1988 to 2007. In columns 1 to 3, the dependent variable is the number of age-specific deaths. In columns 4 to 6,
it is the death rate per 1,000 population. Each coefficient represents the percent reduction in later-life mortality due to receiving a capital ap-
propriation from The Duke Endowment around the time of birth. A coefficient of -10 would mean that later-life mortality declines by 10%.
Coefficients corrected for bias in the following way: 100× (exp(β)− 1). Control variables include flexible interactions of follow-up year
FEs with % illiterate, % Black, % other race, % urban, retail sales per capita, and presence of a county health department. In columns 2 to 3
and 5 to 6, the weights are county-by-year birth cohort size. Panels B and C drop the 13 counties that include cohorts with zero births in any
year between 1932 and 1942 or zero surviving population at any age between 56 and 65 from 1988 to 2007. P-values reported in the bottom
row come from tests for the difference in coefficients presented in panels B and C. They are estimated using a model that fully interacts all
variables with race. Standard errors are estimated using the delta method and are clustered at the county level.
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10 Figures

Figure 1. Rollout of Duke support and changes in infant mortality rate, 1922-1942
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Notes: Figure 1a plots the fraction of ever-treated counties in North Carolina by calendar year. Figure 1b shows a map of county boundaries for the 100 counties in the state of North Carolina. The color gradient
provides a visualization of the time variation in the rollout of funding from The Duke Endowment. Counties are assigned to one of five groups based on the initial year in which they received funding (dark to light
red): 1927-28, 1929, 1930-33, 1934-38, 1939-42. Darker counties were exposed to funding for a longer period of time. Counties that did not receive funding from The Duke Endowment during the sample period
from 1922 to 1942 are colored white. Treatment is measured by appropriations for capital expenditures from The Duke Endowment. Treatment timing is based on the Annual Report of the Hospital Section for the
years 1927 to 1942, published by The Duke Endowment. Figure 1c plots the average annual infant mortality rate per 1,000 live births in North Carolina between 1922 to 1942, weighted by county population, for
Black infants (gray dotted line), White infants (solid black line), as well as Black and White infants pooled together (dashed black line). Figure 1d plots the percent change in the infant mortality rate per 1,000 live
births in each North Carolina county between 1922 and 1942. Darker colors imply declines in infant mortality while brighter colors imply increases in infant mortality.
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Figure 2. Infant mortality rates by treatment status and event time. Event study estimates.
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(c) White infant mortality rate
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Notes: The top row of plots shows the annual infant mortality rate per 1,000 live births by Duke treatment status for Blacks and Whites pooled together, Blacks only, and Whites only, respectively. Counties “Ever treated
by 1942” first received Duke funding during the sample period, between 1927 and 1942, while counties “Never treated up to 1942” did not. The middle row plots the infant mortality rate per 1,000 live births in counties
treated by 1942 in event time relative to the first year of receiving a capital appropriation from the Endowment for the same three respective groups as in the top row. The black dashed line is a best-fit line estimated using
only pre-treatment data for treated counties. This trend is continued into post-treatment event time to serve as comparison to actual outcomes. The last row plots Poisson pseudo maximum likelihood regression estimates of
exponentiated coefficient values and 95% confidence intervals for the lead and lag indicator variables for time periods from t=−6 to t= 6 around the first year that a county received an appropriation for capital expenditures
from The Duke Endowment. Our event study plots omit the left-most and right-most coefficients, which are binned. Thus, the coefficient on t=−7 indicates relative time periods between −18 and −7, while the coefficient
on t= 7 represents relative time periods between 7 and 15. The omitted category is 1 year before initial treatment. An observational unit is a county-by-year birth cohort. Coefficients are corrected for bias in the following
way: 100× (exp(β)−1). The dependent variables are the infant mortality rate per 1,000 live birth in birth county c and year t: pooled by race, for Blacks only, and for Whites only, respectively. All regressions include
county and year fixed effects. Regressions are weighted by county-by-year of birth cohort size. Standard errors are estimated using the delta method and are clustered by county of birth. The bottom row of panels B and C drop
five counties that ever had years with zero Black births during the sample period.



Figure 3. A visual representation of key robustness checks
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Notes: Point estimates and 95-percent confidence interval for the coefficient on Duke support. See Table 1 and
Online Appendix Tables F1 and G1 for a description of the specifications plotted in panel A. See Online Appendix
Tables H1, C4, and C5 for specifications in panel B. Specifications that change the first or last year of the panel use
births from Bailey et al. (2015) in constructing the dependent variable because North Carolina Vital Statistics data
are only available from 1922 to 1948. Estimates in panel B are based on our preferred specification from column 6
of Table 1. Standard errors are estimated using the delta method and are clustered at the county level.
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Figure 4. Event studies: Robustness to recent innovations in difference-in-differences literature
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Notes: This figure plots event study estimates for the effects of Duke support separately by time period relative to the first
year that a county received a capital appropriation from The Duke Endowment. The dependent variable is the natural log of
the infant mortality rate per 1,000 live births for Black and White infants pooled together (top), Black infants only (middle),
and White infants only (bottom). The sample drops 26 counties from the sample that ever had zero Black or White births or
zero Black or White deaths in a year during the sample period. We plot results using the OLS two-way fixed effects estimator
(blue X-marks) as well as new estimators developed in de Chaisemartin and D’Haultfœuille (2020) (red circles), Callaway
and Sant’Anna (2021) (gray diamonds), Gardner (2021) (orange squares), and Sun and Abraham (2021) (green triangles).
The reported coefficients multiplied by 100 approximately represent the percent effect of the Endowment funding. Where
appropriate, regressions include county and year-of-birth fixed effects. Observations are weighted by the number of births in
each county-by-year-of-birth cohort. Standard errors are clustered by county of birth.
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A Sample images of data sources

Figure A1. Sample images

Notes: Example images of The Duke Endowment’s Annual Report of the Hospital Section, the source for our
measure of exposure to Duke support (top); a North Carolina Certificate of Death, the source of our infant mortality
measure by race and county of birth (bottom left); and the American Medical Directory, the source for the number
of physicians by county and year (bottom right).
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B Heterogeneity by project type

Table B1. Appropriation and payment details by project type.

Mean S.D. Min. Max. N

All projects
Appropriations, millions 0.47 0.52 0.00 4.31 271
Payments, millions 0.40 0.53 0.00 4.39 164

New hospitals or plants
Appropriations, millions 0.75 0.87 0.04 2.59 15
Payments, millions 0.85 0.75 0.12 2.16 9

Additions
Appropriations, millions 0.59 0.52 0.01 4.31 131
Payments, millions 0.53 0.63 0.01 4.39 69

Equipment
Appropriations, millions 0.15 0.39 0.00 1.69 34
Payments, millions 0.09 0.20 0.00 1.13 31

Purchases of existing facilities
Appropriations, millions 0.64 0.32 0.12 1.79 26
Payments, millions 0.56 0.20 0.21 0.97 14

Not stated
Appropriations, millions 0.23 0.36 0.01 1.89 68
Payments, millions 0.25 0.38 0.01 1.89 44

Notes: Summary statistics for non-zero appropriations and payments from The Duke En-
dowment in millions of 2017 dollars. The sample includes all appropriations and payments
for hospitals in North Carolina between 1927 and 1942, excluding support for homes for
nurses. Some appropriations or payments may apply to more than one project type.

Figure B1. Time from appropriation to payment
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Notes: This figure plots the share of ever-treated counties by event-time, i.e. the number of years after the
first appropriation when the first payment was received by the county.
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Figure B2. Differential effects of Duke support by project type: Extensive and intensive margin estimates
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Notes: Each point estimate comes from a separate regression and represents the percent reduction in infant mortality due to
Duke support. Treatment is defined as category-specific support and excludes funding for other categories. Panel A reports
an intent to treat analysis with a binary treatment of having received a capital appropriation. A coefficient of -10 would mean
that infant mortality declines by 10%. Coefficients are corrected for bias in the following way: 100× (exp(β)−1). In panel
B, treatment is defined as appropriations to the county while in panel C it is defined as actual payments. Monetary amounts
are converted to millions of 2017 dollars. All regressions include county and year fixed effects. Control variables include %
illiterate, % Black, % other race, % urban, retail sales per capita, and presence of a county health department. The weights
are the number of births in a county and year. Standard errors are estimated using the delta method and are clustered at the
county-level.
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C Other results

Stillborn infants: Here, we examine potential measurement error issues related to recording stillbirths.
Our individual-level death certificate data for North Carolina include some reported stillbirths, but only
until 1932. In our main specifications, we follow published infant mortality statistics in restricting attention
to live births, thereby excluding stillbirths. Specifically, we use unnamed infants who died on the day
of birth as a proxy for stillborn infants and exclude both unnamed infants and reported stillbirths from
our measures of infant mortality. In Online Appendix Table C5, we show that our results are insensitive
to including stillbirths in our infant mortality measure, irrespective of the exact definition of a stillborn
infant. When constructing infant mortality rates, we adjust both the numerator and denominator by the
number of stillbirths. The results are unchanged if we include deaths of unnamed infants in our measure
of infant mortality, regardless of whether we do so for the period when stillbirths were reported (1922
to 1932, columns 1 and 2) or for the entire sample period (column 3). Likewise, they are unaffected by
including reported stillbirths as well (column 4). Thus, our infant mortality results are unlikely to be driven
by measurement error in the reporting of stillbirths.

Using our proxy for stillbirths (unnamed infants who died on the day of birth) as the outcome, we find
that Duke support reduced stillborn deaths per 1,000 (live and still) births by up to 20% (columns 5 and 6)
and to a similar extent for both Black fetuses and White fetuses. Furthermore, this finding is independent
of whether we use all sample years (column 5) or restrict the sample to the period 1922 to 1932 when
reported stillbirths were explicitly included in our data (column 6). Interestingly, there is no effect on
reported stillbirths per 1,000 (live and reported still) births (column 7), which suggests that our result based
on the stillborn proxy is not driven by changes in reporting procedures during the time period, although we
acknowledge that these estimates are fairly imprecise (as is clearly visible in Figure 3).

Shift-share DiD: In Equation 5, we estimate the effects of sulfa drugs on infant mortality in our main
estimation sample using a within-North-Carolina shift-share design:36

YRct = exp(δ0+δ1Pneumonia mortalityc×Post sulfat+ζc+ηt+ΘXct)εct (5)

where YRct, ζc, ηt, and Xct are defined as in Equation 1. Pneumonia mortalityc is defined as the average
county-level pneumonia mortality rate from 1922 to 1926 (our share factor) while Post sulfat takes the value
of 1 for the years 1937 and onward, and zero for prior years (our shift factor).37 Since Pneumonia mortalityc
is perfectly collinear with county fixed effects (ζc), while Post sulfat is perfectly collinear with birth cohort
fixed effects (ηt), they are not separately identified. Nonetheless, the interaction term is identified and the
coefficient δ1 can be interpreted as the causal effect of innovation in sulfa drugs on infant mortality, provided
that the standard difference-in-differences assumptions hold. In particular, since we only have one shock,
we rely on the exogeneity of shares for identification (Goldsmith-Pinkham et al. 2020).38 We cluster the
standard errors (εct) by county of birth to account for correlated errors within a county.

36This approach is different from Jayachandran et al. (2010) and more closely resembles the identification strategies
used by Bhalotra et al. (2017) and Lazuka (2020), but uses variation at a finer level of geography.

37We use a 5-year average to define our shares for two reasons. First, the single-year pneumonia mortality rate can
be volatile (especially in smaller counties) due to exogenous weather and health shocks. Second, it is ex-ante not clear
which year we should chose as our baseline. Our results are robust to using shares from any specific year between
1922 and 1926, but as expected, the exact point estimates change somewhat.

38We define pre-shock shares based on the years 1922 to 1926 rather than the years immediately prior to the dis-
covery of sulfa because we need to ensure that they are unaffected by Duke support which started in 1927. This
requirement is dictated by the exogeneity of shocks assumption which we need to interpret the interaction effect
between the two interventions in a causal way.
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Online Appendix Table C6 presents the results of estimating Equation 5 for pooled infant mortality
(panel A), Black infant mortality (panel B) and White infant mortality (panel C), both without (columns
1 and 2) and with (column 3) controls. The estimates are scaled by the interquartile range of baseline
pneumonia mortality and can be interpreted as the percent reduction in infant mortality rate due to the
availability of sulfa drugs when moving from the 25th to the 75th percentile of the baseline pneumonia
mortality rate. Our findings in the preferred specification (column 3) suggest that infant mortality declined
between 6.5% and 10.5%. Similarly to the results in Table 1, estimates by race are larger for Black compared
with White infants and this difference is statistically significant at conventional levels. To the best of our
knowledge, prior papers on sulfa drugs have not analyzed effects on infant mortality. However, Jayachandran
et al. (2010) using a different identification strategy found effects on maternal mortality in the range of 24%
to 36%. Overall, we view our effect sizes as plausible, especially given how closely they align with the
effects reported in Table 1.

Table C1. Balancing test: Effects of Duke support on control variables

(1) (2)
Mean % difference p-value

% Illiterate –3.97 0.20

% Black –0.89 0.26

% Urban –3.63 0.17

Retail sales per capita 0.14 0.96

County health department open 2.78 0.78

Notes: * p < 0.1, ** p < 0.05, *** p < 0.01. This analysis fol-
lows Pei et al. (2019), where a % difference of −10would indicate
that Duke support is associated with a change in outcome of 10%
in treated versus control counties. Coefficients corrected for bias
in the following way: 100× (exp(β) − 1). Standard errors are
estimated using the delta method and are clustered at the county-
level.



Table C2. Extensive margin intent-to-treat effect of Duke support on maternal mortality

Number of Deaths Death rate per 100,000

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

A. Maternal mortality

Percent effect from Duke (=1) –14.11 –17.93** –19.98** 1.69 –7.79 –9.66
(8.91) (8.76) (8.64) (15.54) (8.87) (7.90)

Observations 1,100 1,100 1,100 1,100 1,100 1,100

B. Maternal mortality, resident

Percent effect from Duke (=1) –9.53 –11.26 –13.55** 1.16 –4.50 –5.76
(7.47) (6.87) (6.75) (14.12) (7.36) (6.51)

Observations 1,100 1,100 1,100 1,100 1,100 1,100

County of birth FE Yes Yes Yes Yes Yes Yes
Year of birth FE Yes Yes Yes Yes Yes Yes
Weights No Yes Yes No Yes Yes
Controls No No Yes No No Yes

Notes: * p < 0.1, ** p < 0.05, *** p < 0.01. Each coefficient comes from a separate Poisson pseudo maximum likeli-
hood regression. In columns 1 to 3, the dependent variable is the number of maternal deaths in a county and year, which
we calculate by multiplying the published maternal mortality rate per 1,000 live births and the number of resident births.
In columns 4 to 6, the dependent variable is the maternal mortality rate per 1,000 live births. In panel A, maternal mortal-
ity is reported by county of occurrence, while in panel B it is reported by county of residence. Each coefficient represents
the percent reduction in maternal mortality due to receiving a capital appropriation from The Duke Endowment. A coef-
ficient of -10 would mean that maternal mortality declines by 10%. Coefficients corrected for bias in the following way:
100× (exp(β)−1). In columns 2 to 3 and columns 5 to 6, the weights are the number of births in a county and year. Con-
trol variables in columns 3 and 6 include % illiterate, % Black, % other race, % urban, retail sales per capita, and presence
of a county health department. Standard errors are estimated using the delta method and are clustered at the county-level.
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Table C3. Extensive margin intent-to-treat effect of Duke support on fertility

Number of Births Births per 1,000 women

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

A. Pooled births

Percent effect from Duke (=1) 1.68 –0.40 –1.86 –0.53 –2.97* –2.45
(1.93) (2.13) (2.08) (1.55) (1.52) (1.53)

Observations 2,100 2,100 2,100 2,100 2,100 2,100

B. Black births

Percent effect from Duke (=1) 2.74 2.25 1.46 2.74 –1.23 –0.50
(2.79) (2.92) (2.61) (2.79) (2.23) (1.97)

Observations 2,100 2,100 2,100 2,100 2,100 2,100

C. White births

Percent effect from Duke (=1) 1.41 –2.04 –3.19 1.68 –2.69 –2.26
(2.22) (2.42) (2.42) (1.87) (1.69) (1.74)

Observations 2,100 2,100 2,100 2,100 2,100 2,100

P-value for difference by race 0.54 0.13 0.13 0.15 0.41 0.38

County of birth FE Yes Yes Yes Yes Yes Yes
Year of birth FE Yes Yes Yes Yes Yes Yes
Weights No Yes Yes No Yes Yes
Controls No No Yes No No Yes

Notes: * p < 0.1, ** p < 0.05, *** p < 0.01. Each coefficient comes from a separate Poisson pseudo maximum likelihood
regression. In columns 1 to 3, the dependent variable is the number of births in a county and year, and in columns 4 to 6,
it is the birth rate per 1,000 women in the population. Each coefficient represents the percent reduction in fertility due to
receiving a capital appropriation from The Duke Endowment. A coefficient of -10 would mean that fertility declines by
10%. Coefficients corrected for bias in the following way: 100× (exp(β)−1). In columns 2 to 3 and columns 5 to 6, the
weights are the number of women in a county and year. In panel A the number of women includes all women in the popula-
tion, while in panels B and C it is the number of Black and White women, respectively. Control variables in columns 3 and
6 include % illiterate, % Black, % other race, % urban, retail sales per capita, and presence of a county health department.
Standard errors are estimated using the delta method and are clustered at the county-level.
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Table C4. Effect of Duke support on infant mortality rate by timing of death

Deaths on: Exlcuding those who died in the first:
day 0 day week month

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

A. Pooled infant mortality rate

Percent effect from Duke (=1) –12.93*** –7.91*** –9.47*** –11.13***
(4.72) (2.33) (2.50) (2.77)

Observations 2,100 2,100 2,100 2,100

B. Black infant mortality rate

Percent effect from Duke (=1) –22.51*** –13.60*** –15.12*** –17.26***
(5.67) (3.68) (3.87) (3.80)

Observations 1,974 1,995 1,995 1,995

C. White infant mortality rate

Percent effect from Duke (=1) –8.95 –5.19* –6.13* –7.25**
(5.73) (2.89) (3.24) (3.50)

Observations 1,974 1,995 1,995 1,995

P-value for difference by race 0.05 0.07 0.08 0.05

County of birth FE Yes Yes Yes Yes
Year of birth FE Yes Yes Yes Yes
Controls Yes Yes Yes Yes
Weights Yes Yes Yes Yes

Notes: * p < 0.1, ** p < 0.05, *** p < 0.01. Extensive margin intent-to-treat estimates. Each
coefficient comes from a separate Poisson pseudo maximum likelihood regression based on
preferred specification from column 6 of Table 1. In column 1 the dependent variable is the
same day (day 0) infant mortality rate per 1,000 live births. In columns 2 to 4, they are the in-
fant mortality rates per 1,000 live births excluding deaths on the same day, and within the first
week and first month, respectively. Each coefficient represents the percent reduction in infant
mortality due to receiving a capital appropriation from The Duke Endowment. A coefficient of
−10 would mean that infant mortality declines by 10%. Coefficients corrected for bias in the
following way: 100× (exp(β)− 1). All specifications are weighted by the number of births
in a county and year. Panels B and C drop the counties that ever had zero births (columns 1 to
4) or zero deaths on day 0 (column 1) between 1922 and 1942. Standard errors are estimated
using the delta method and are clustered at the county-level.
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Table C5. Effects of Duke support: Robustness to including stillbirths and unnamed infants

Adding to the main sample: Including only:

Stillborn Unnamed Unnamed
Stillborn +
Unnamed Unnamed Unnamed Stillborn

1922-32 All years 1922-32

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

A. Pooled infant mortality rate

Percent effect from Duke (=1) –8.72*** –10.45*** –9.76*** –8.70*** –19.32*** –16.72*** 5.33
(2.78) (2.90) (2.78) (2.69) (5.90) (6.34) (8.73)

Observations 2,100 2,100 2,100 2,100 2,100 1,100 1,100

B. Black infant mortality rate

Percent effect from Duke (=1) –14.37*** –14.90*** –13.27*** –12.98*** –19.86** –17.73* –0.77
(4.09) (4.07) (3.81) (3.81) (9.15) (10.18) (10.18)

Observations 2,058 2,058 2,058 2,058 2,037 1,078 1,056

C. White infant mortality rate

Percent effect from Duke (=1) –6.88** –6.89** –5.91** –6.09** –18.86*** –16.45** 11.04
(2.67) (2.95) (2.88) (2.63) (6.27) (7.12) (13.77)

Observations 2,058 2,058 2,058 2,058 2,058 1,089 1,056

P-value for difference by race 0.05 0.05 0.05 0.05 0.92 0.91 0.44

County of birth FE Yes Yes Yes Yes Yes Yes Yes
Year of birth FE Yes Yes Yes Yes Yes Yes Yes
Controls Yes Yes Yes Yes Yes Yes Yes
Weights Yes Yes Yes Yes Yes Yes Yes

Notes: This table reports extensive margin intent-to-treat estimates for the effects of Duke support on different measures of stillborn
deaths and the robustness of the main results to including these deaths in the mortality outcomes. In columns 1 to 4 we modify our main
infant mortality measure from column 6 of Table 1 by adding stillbirths to the numerator (death count) and denominator (live plus still-
births). We use three measures of stillbirths: reported stillbirths (column 1), unnamed infants (columns 2 and 3), and the combination of
the two measures (column 4). In columns 5 to 7, we explore effects of Duke support on stillbirths directly. In columns 1 to 2 and 6 to 7
we report results for the period 1922 to 1932 because reported stillbirths are only included in our data for these years. See Table 1 for a
description of the specifications. Standard errors are estimated using the delta method and are clustered at the county-level.
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Table C6. Effects of sulfa drugs on infant mortality: Shift-share difference-in-differences

(1) (2) (3)

A. Pooled infant mortality rate

Percent effect from PneumoniaIQR×Post sulfa –5.20** –9.56*** –8.32**
(2.59) (3.12) (3.40)

Observations 2,100 2,100 2,100

B. Black infant mortality rate

Percent effect from PneumoniaIQR×Post sulfa –21.86*** –12.08** –10.49**
(6.61) (4.64) (4.93)

Observations 1,995 1,995 1,995

C. White infant mortality rate

Percent effect from PneumoniaIQR×Post sulfa –3.51 –7.68** –6.46*
(3.45) (3.28) (3.55)

Observations 1,995 1,995 1,995

P-value for difference by race 0.88 0.14 0.03

County of birth FE Yes Yes Yes
Year of birth FE Yes Yes Yes
Controls No No Yes
Weights No Yes Yes

Notes: * p < 0.1, ** p < 0.05, *** p < 0.01. Each coefficient comes from a separate Poisson
pseudo maximum likelihood regression. The dependent variable is the infant mortality rate per
1,000 live births. Years 1937 and onward are considered post sulfa (shift factor). The baseline
shares are county-level pneumonia mortality rates per 100,000 population and are calculated as a
simple average over the years 1922 to 1926. The displayed parameter of interest is an interaction
between these two variables. See Equation 5 for details. Each coefficient represents the percent
reduction in infant mortality due to the availability of sulfa drugs when moving from the 25th to
75th percentile of baseline pneumonia mortality. A coefficient of -10 would mean that infant mor-
tality declines by 10%. Coefficients corrected for bias in the following way: 100× (exp(β)−1).
Control variables include % illiterate, % Black, % other race, % urban, retail sales per capita,
and presence of a county health department. In columns 2 and 3 the weights are the number of
births in a county and year. Panels B and C drop the five counties that ever have zero births be-
tween 1922 and 1942. Standard errors are estimated using the delta method and are clustered at
the county-level.
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Figure C1. Physician labor supply across time and treatment status

(a) High quality doctors
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Notes: This figure plots the average number of high-quality (panel A) and low-quality (panel B) doctors
per 100,000 population listed in the American Medical Directory for the years 1914, 1918, 1923, 1927,
1931, 1936, and 1940. Doctor are considered high quality if they were licensed more than two years after
the medical school they attended introduced a two-year degree requirement as an admission pre-requisite.
All other doctors are considered low quality. “Ever treated” counties (pink solid line) first received Duke
funding between 1927 and 1942 while “Never treated” counties (black dashed line) did not.
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Figure C2. Later-life mortality rate by treated status and age
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Notes: This figure shows a scatter plot of the average number of deaths per 1,000 population at ages 56 to 65 in a county-
by-year-of-birth cohort and a linear regression line through these points, separately by treatment status at birth. Cohorts are
treated at birth (pink solid line) if the first capital appropriation received by the county of birth occurred no later than the
year of birth. All other cohorts in the sample are considered untreated (dashed black line). Data include the 1932 to 1942
birth cohorts and deaths that occurred between 1988 and 2007. Data are tabulated by the authors from the public-use version
of the 2007 Numident file from the National Archives and Records Administration.
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D Panel construction and sample size

In our main specification for short-run outcomes in panel A of Table 1, we estimate the effects of

exposure to Duke support on the pooled infant mortality rate per 1,000 live births using a balanced panel

with all 100 counties in North Carolina and 21 years of data (1922 to 1942) for a total of 2,100 observations.

We take the following steps to deal with observations having zero births or zero deaths, as well as logical

inconsistencies between birth and death counts:

1. There are 11 observations among 4 counties for which the number of deaths of Black infants exceeds

the number of Black births. For these observations we replace the birth count with the mortality

count.

2. There are 5 counties and 18 observations with zero Black births. In our main specifications for infant

mortality rates by race (panels B and C of Table 1), we exclude these 5 counties in order to maintain a

balanced panel. The observations with zero Black births will drop out since the weights are undefined

for these observations.

3. After dropping all observations for the 5 counties that ever have zero Black births, there are 19

counties and 101 observations with zero Black deaths and non-zero Black births. There are 2 other

counties and 4 observations with zero White deaths and non-zero White births. In specifications with

the log of the infant mortality rate as the dependent variable we drop these 21 counties from the sam-

ple, in addition to the 5 counties already dropped (for a total of 26 counties). Our main specification

is estimated using Poisson pseudo-maximum likelihood which can handle the presence of zero values

for the dependent variable, unlike a log-level specification that would drop these observations.

4. We exclude the aforementioned 26 counties from estimation samples in specifications with the log

of the infant mortality rate as the dependent variables in the following exhibits: Figure 4, Online

Appendix Table F2, panels B and C in column 4 of and Online Appendix Table G1, and Online

Appendix Figure F1.
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E Stacked regressions

Table E1. Effects of Duke support: Stacked Poisson and OLS infant mortality rate estimates

Poisson
IMR

OLS
IMR

OLS
ln(IMR)

OLS
ln(IMR + 1)

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

A. Pooled infant mortality rate

Percent effect from Duke (=1) –8.50*** –9.52*** –7.16*** –9.42*** –8.59*** –8.44***
(2.48) (2.61) (2.35) (3.44) (2.71) (2.67)

Observations 7,370 7,370 7,370 7,370 7,370 7,370

B. Black infant mortality rate

Percent effect from Duke (=1) –10.27*** –13.01*** –8.79*** –15.70*** –10.61** –10.43**
(3.68) (3.58) (2.96) (5.38) (4.05) (3.99)

Observations 6,963 6,963 6,963 6,963 6,692 6,963

C. White infant mortality rate

Percent effect from Duke (=1) –7.29** –7.70** –6.05** –7.22* –7.51** –7.51**
(3.16) (3.13) (2.84) (3.76) (3.26) (3.21)

Observations 6,963 6,963 6,963 6,963 6,945 6,963

P-value for difference by race 0.53 0.22 0.46 0.05 0.53 0.55

County of birth FE Yes Yes Yes Yes Yes Yes
Year of birth FE Yes Yes Yes Yes Yes Yes
Controls No No Yes No No No
Weights No Yes Yes Yes Yes Yes

Notes: * p < 0.1, ** p < 0.05, *** p < 0.01. Extensive margin intent-to-treat estimates. Each coefficient comes from a
separate stacked regression. Each stack includes treated counties from a single treatment timing group and control counties
that are not treated within the event time window of κ = ±5. The sample includes 11 stacks. We exclude the 1940 timing
groups since forming a complete stack for this group would require using data outside our main sample period from 1922
to 1942. In columns 1 to 4, the dependent variable is the infant mortality rate per 1,000 live births. In columns 5 and 6, it is
the natural log of the infant mortality rate and the natural log of one plus the infant mortality rate, respectively. Each coeffi-
cient represents the percent reduction in infant mortality from receiving a capital appropriation from The Duke Endowment.
A coefficient of -10 would mean that infant mortality rate declined by 10%. We present the results in this manner so that
results from specifications using natural log transformation of infant mortality rate are comparable to those that simply use
the infant mortality rate. Coefficients from specifications with Poisson maximum likelihood and a natural log transform of
the dependent variable are corrected for bias in the following way: 100× (exp(β)− 1). Coefficients from specifications
with a level dependent variable are transformed in percent effects by dividing the coefficient by the mean for untreated ob-
servations: 100× (β/ȲU). Control variables in column 3 include % illiterate, % Black, % other race, % urban, retail sales
per capita, and presence of a county health department. The weights are the number of births in a county and year. Panels
B to C drop counties that ever have zero births. Column 5 additionally drops counties that ever have zero deaths. P-values
reported in the bottom row come from tests for the difference in coefficients presented in panels B and C. They are esti-
mated using a model that fully interacts all variables with race. Standard errors are estimated using the delta method and
are clustered at the county-level.
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Figure E1. Stacked Poisson event studies for effects of Duke support on pooled infant mortality rate

(a) Without controls
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Notes: Extensive margin intent-to-treat estimates. Each figure presents event studies from a separate stacked regres-
sion including county and year fixed effects. See Table E1 for a description of the stacked regression specifications.
The dependent variable is the pooled infant mortality rate per 1,000 live births. Each stack includes treated counties
from a single treatment timing group and control counties that are not treated within the event time window of ±κ.
Across the rows of the figure, κ varies from 3 to 6 leads and lags. All samples include 11 stacks. We exclude the
1940 timing groups since forming a complete stack for this group would require using data outside our main sample
period from 1922 to 1942. Control variables in column (b) include % illiterate, % Black, % other race, % urban,
retail sales per capita, and presence of a county health department.

A15



F Event study diagnostics

Table F1. Average treatment effect estimates from alternative difference-in-differences estimators

(1) (2) (3)
TWFE
OLS

Callaway and
Sant’Anna (2020)

2-stage DiD
Gardner (2021)

A. Natural log of pooled infant mortality rate + 1

Effect from Duke (=1) –11.62*** –14.63*** –14.51***
(3.47) (4.29) (3.91)

Observations 2,100 2,100 2,100

B. Natural log of Black infant mortality rate + 1

Effect from Duke (=1) –17.08*** –20.36*** –20.36***
(5.81) (5.71) (6.23)

Observations 1,995 1,995 1,995

C. Natural log of White infant mortality rate + 1

Effect from Duke (=1) –9.18** –12.99*** –13.22***
(3.60) (4.90) (3.97)

Observations 1,995 1,995 1,995

Notes: * p < 0.1, ** p < 0.05, *** p < 0.01. Extensive margin intent-to-treat estimates. The dependent
variable is the natural log of one plus the infant mortality rate per 1,000 live births. In column 1 we re-
port results from a two-way fixed effect regression estimated by OLS. Column 2 reports the ATT across all
groups and periods from Callaway and Sant’Anna (2021). Column 3 reports the two-stage DiD estimator
from Gardner (2021). In the first stage we regress the dependent variable on county and year-of-birth fixed
effects, and in the second stage we regress the residuals from the first stage on the Duke support indicator.
Panels B and C drop the five counties that ever have zero race-specific births between 1922 and 1942. We
multiple the coefficients by 100 to approximately represent the percent change in infant mortality rate due
to receiving a capital appropriation from The Duke Endowment for the relevant comparison group. Regres-
sions include fixed effects for county and year of birth but no other controls. Estimates are weighted by the
number of births in a county and year. Standard errors are clustered at the county-level
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Table F2. Goodman-Bacon (2021a) decomposition diagnostic

Type of DD comparison
Average Number of 2x2 Total
Estimate Comparisons Weight

A. Pooled infant mortality rate

Earlier Treated vs. Later Treated Controls –0.024 66 0.095
Later Treated vs. Earlier Treated Controls –0.042 66 0.095
Treated vs. Untreated Controls –0.111 12 0.810

Average DD estimate –0.096 144 1.000

B. Black infant mortality rate

Earlier Treated vs. Later Treated Controls 0.067 55 0.080
Later Treated vs. Earlier Treated Controls –0.019 55 0.087
Treated vs. Untreated Controls –0.160 11 0.833

Average DD estimate –0.130 121 1.000

C. White infant mortality rate

Earlier Treated vs. Later Treated Controls –0.073 66 0.098
Later Treated vs. Earlier Treated Controls –0.018 66 0.098
Treated vs. Untreated Controls –0.100 12 0.804

Average DD estimate –0.089 144 1.000

Notes: The table decomposes the static DiD two-way fixed effects estimate corresponding to
the OLS event study plotted in Figure 4 into the average estimate and total weight contributed
by earlier versus later treated comparisons, later versus earlier treated comparisons, and treated
versus untreated comparisons, as well as the number of unique 2x2 comparisons found in each
category. The specification does not include controls except for county and year fixed effects, is
not weighted, and uses the log of the infant mortality rate as the dependent variable. The sam-
ple drops 26 counties that ever had zero Black or White births or zero Black or White deaths in
a year during the sample period.
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Figure F1. Goodman-Bacon (2021a) decomposition diagnostic
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Notes: Figure F1 decomposes the static DiD two-way fixed effects estimate corresponding to the OLS event study plotted
in Figure 4 into separate 2x2 DiD components. The specification does not include controls except for county and year fixed
effects, is not weighted, and uses the log of the infant mortality rate as the dependent variable. The sample drops 26 counties
that ever had zero Black or White births or zero Black or White deaths in a year during the sample period. The figure depicts
the distribution of all unique treatment timing comparisons used to identify δ̂DD. For example, one symbol may represent a
comparison between counties treated in 1935 and counties treated in 1937. The horizontal pink dotted line displays the overall
DiD estimate.

Figure F2. Number of treated counties by event-time period
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Notes: This figure plots the number of treated counties in each event-time period from t=−18 to t= 15, which corresponds
to the full set of event-time indicators that could be included in the event studies plotted in the bottom row of Figure 2. Figure 2
does not display coefficients binned at t=−7 and t= 7.
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G OLS specifications as alternative to Poisson

Table G1. Effect of Duke support on infant mortality rate: Robustness to alternate OLS specifications

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

IMR
OLS
IMR

OLS
ln(IMR)

OLS
ln(IMR + 1)

A. Pooled infant mortality rate

Percent effect from Duke (=1) –9.97*** –9.97*** –8.61** –10.43***
(2.59) (2.59) (3.36) (2.99)

Observations 2,100 2,100 2,100 2,100

B. Black infant mortality rate

Percent effect from Duke (=1) –16.37*** –19.36*** –17.44*** –17.17***
(3.72) (5.75) (4.28) (4.20)

Observations 1,995 1,995 1,894 1,995

C. White infant mortality rate

Percent effect from Duke (=1) –7.06** –5.15 –7.72** –7.62**
(2.98) (3.62) (3.37) (3.29)

Observations 1,995 1,995 1,991 1,995

Notes: * p < 0.1, ** p < 0.05, *** p < 0.01. Extensive margin intent-to-treat estimates. Each
coefficient comes from a separate regression. Column 1 reproduces estimates from column 6 of
Table 1. Columns 2 to 4 report estimates from OLS regressions with the following dependent
variables: the number of infant deaths in a county and year, the natural log of the infant mor-
tality rate per 1,000 live births (dropping counties that ever had years with zero infant deaths),
and the natural log of one plus the infant mortality rate, respectively. Each coefficient repre-
sents the percent reduction in infant mortality due to receiving a capital appropriation from The
Duke Endowment. A coefficient of −10 would mean that infant mortality declines by 10%.
Across panels A to C in column 2, coefficients are scaled by the mean infant mortality rate –
pooled, Black only, and White only, respectively – in always-untreated counties. Coefficients
in columns 1, 3, and 4 are corrected for bias in the following way: 100×(exp(β)−1). Control
variables include county and year fixed effects, % illiterate, % Black, % other race, % urban,
retail sales per capita, and presence of a county health department. The weights are the number
of births in a county and year. Panels B and C drop the five counties that ever had zero births
between 1922 and 1942. P-values reported in the bottom row come from tests for the differ-
ence in coefficients presented in panels B and C. They are estimated using a model that fully
interacts all variables with race. Standard errors in Poisson regressions are estimated using the
delta method. All standard errors are clustered at the county-level.
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Table G2. Robustness of physician labor supply estimates to alternate OLS specifications

Yct = Doctors per 100,000

(1) (2) (3) (4)
Poisson
Yct

OLS
Yct

OLS
ln(Yct)

OLS
ln(Yct + 1)

A. Number of doctors per 100,000 population

Percent effect from Duke (=1) 6.60 2.83 7.11 6.94*
(4.29) (4.36) (4.30) (4.17)

Observations 700 700 700 700

B. Number of high quality doctors per 100,000 population

Percent effect from Duke (=1) 10.74* 19.77*** 13.51** 10.49
(5.67) (6.27) (6.77) (6.42)

Observations 700 700 665 700

C. Number of low quality doctors per 100,000 population

Percent effect from Duke (=1) –9.03** –18.11*** –6.64 –13.14**
(3.79) (4.71) (5.71) (5.37)

Observations 665 700 588 700

County of birth FE Yes Yes Yes Yes
Year FE Yes Yes Yes Yes
Controls Yes Yes Yes Yes
Weights Yes Yes Yes Yes

Notes: * p < 0.1, ** p < 0.05, *** p < 0.01. Each coefficient comes from a separate regression. The dependent variables are
the number of doctors (panel A), high quality doctors (panel B), and low quality doctors (panel C), respectively, per 100,000
population. The sample includes the number of doctors listed in the American Medical Directory for the years 1914, 1918,
1923, 1927, 1931, 1936, and 1940. Doctor are considered high quality if they were licensed more than two years after the
medical school they attended introduced a two-year degree requirement as an admission pre-requisite. All other doctors are
considered low quality. Control variables are listed in Table 1. Regressions are weighted by total population in county c and
year t. Column 1 reproduces estimates from column 6 of Table 3. Column 2 replaces Poisson pseudo maximum likelihood
estimation with OLS and adds 35 observations with zero low quality doctors in panel C. Column 3 uses the natural log of the
number of doctors (dropping counties that ever had zero doctors of specific quality). Column 4 uses the natural log of the
number of doctors plus one. Standard errors in Poisson regressions are estimated using the delta method. All standard errors
are clustered at the county-level.
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Table G3. Robustness of later-life mortality results to alternate OLS specifications

(1) (2) (3) (4) (5)
Poisson
LLMR

Poisson
LLMR

OLS
LLMR

OLS
ln(LLMR)

OLS
ln(LLMR + 1)

A. Pooled later-life mortality rate

Percent effect from Duke (=1) –8.81*** –9.00*** –5.64 –8.53*** –6.51
(3.15) (3.33) (3.61) (3.12) (5.60)

Observations 11,000 10,787 11,000 10,355 11,000

B. Black later-life mortality rate

Percent effect from Duke (=1) –8.50*** –5.94** –5.99** –11.03*** –8.29
(2.61) (2.47) (3.01) (3.87) (13.43)

Observations 9,570 9,073 9,570 7,166 9,570

C. White later-life mortality rate

Percent effect from Duke (=1) –8.65** –10.35*** –7.43* –7.74** 0.82
(3.53) (3.82) (4.37) (3.22) (9.20)

Observations 9,570 9,329 9,570 8,291 9,570

P-value for difference by race 0.96 0.24 0.27 0.44 0.61

County of birth FE Yes Yes Yes Yes Yes
Year of birth FE Yes Yes Yes Yes Yes
Weights Yes Yes Yes Yes Yes
Controls Yes Yes Yes Yes Yes
County and year of birth FEs X follow-up year FEs No Yes No No No

Notes: * p < 0.1, ** p < 0.05, *** p < 0.01. Each coefficient comes from a separate regression estimated by Poisson pseudo
maximum likelihood (columns 1 to 2) or OLS (columns 3 to 6). The unit of observation is a birth county by birth year by follow-
up year triplet. Birth cohorts are restricted to 1932 to 1942. Deaths are restricted to ages 56 to 65 and years 1988 to 2007. Each
coefficient represents the percent reduction in later-life mortality due to receiving a capital appropriation from The Duke Endow-
ment around the time of birth. A coefficient of -10 would mean that later-life mortality declines by 10%. Across panels A to C
in column 3, coefficients are scaled by the mean later-life mortality rate – pooled, Black only, and White only, respectively – in
always-untreated counties. Coefficients in columns 1, 2, 4, and 5 are corrected for bias in the following way: 100×(exp(β)−1).
Control variables include flexible interactions of follow-up year FEs with % illiterate, % Black, % other race, % urban, retail
sales per capita, and presence of a county health department. The weights are county-by-year birth cohort size. Panels B and
C drop the 13 counties that include cohorts with zero births in any year between 1932 and 1942 or zero surviving population at
any age between 56 and 65 from 1988 to 2007. P-values reported in the bottom row come from tests for the difference in coeffi-
cients presented in panels B and C. They are estimated using a model that fully interacts all variables with race. Standard errors
in Poisson regressions are estimated using the delta method. All standard errors are clustered at the county-level.
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H Alternate samples and non-Carolina control counties

Table H1. Robustness to using non-North Carolina counties as untreated controls

YRct = Infant mortality rate YRct = Later-life mortality rate

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

A. Pooled

Percent effect from Duke (=1) –11.04** –12.10*** –11.95*** –11.29*** –11.36*** –11.33***
(4.32) (4.36) (4.39) (3.34) (3.27) (3.28)

Observations 2,788 2,216 2,200 23,144 17,924 17,764

B. Black

Percent effect from Duke (=1) –14.73** –16.41*** –16.47*** –6.66** –6.23* –6.23*
(6.06) (6.17) (6.16) (3.06) (3.39) (3.39)

Observations 2,516 1,977 1,968 20,060 15,650 15,620

C. White

Percent effect from Duke (=1) –8.97** –9.71** –9.32** –12.34*** –12.82*** –12.79***
(4.34) (4.33) (4.38) (4.03) (4.09) (4.10)

Observations 2,531 1,992 1,980 20,080 15,670 15,620

P-value for difference by race 0.33 0.25 0.22 0.18 0.16 0.17

County of birth FE Yes Yes Yes Yes Yes Yes
Year of birth FE Yes Yes Yes Yes Yes Yes
Weights Yes Yes Yes Yes Yes Yes
Controls Yes Yes Yes Yes Yes Yes
Exclude untreated NC No Yes Yes No Yes Yes
Exclude without non-profit hosp. No No Yes No No Yes

Notes: * p < 0.1, ** p < 0.05, *** p < 0.01. Each coefficient comes from a separate Poisson pseudo maximum likelihood
regression. The dependent variable is the infant mortality rate in columns 1 to 3, and the later-life mortality rate in columns
4 to 6. Column 1 adds county-year observations from other southern counties that had cities, based on Bailey et al. (2015).
Column 4 adds the analagous county-birth-year observations from the same counties added in Column 1, but for the later-
life specifications. The Bailey et al. (2015) data are unbalanced before 1930 and after 1940. Thus, to ensure balance across
years, the data in this table are restricted to birth years 1930 to 1940. Columns 2 and 5 drop all North Carolina counties
that were not treated by Duke (i.e., did not receive a capital appropriation) before 1942. Columns 3 and 6 then remove
control observations that did not have a non-profit hospital at any time from 1920 to 1940. Each coefficient represents the
percent reduction in infant or later-life mortality rates due to receiving a capital appropriation from The Duke Endowment.
A coefficient of -10 would mean that mortality declines by 10%. Coefficients are corrected for bias in the following way:
100× (exp(β)− 1). Control variables include % illiterate, % Black, % other race, % urban, retail sales per capita, and
presence of a county health department. Columns 4 to 6 also include flexible interactions of these control variables with
follow-up year fixed effects. The weights are the number of births in a county and year. P-values reported in the bottom row
come from tests for the difference in coefficients presented in panels B and C. They are estimated using a model that fully
interacts all variables with race. Standard errors are estimated using the delta method and are clustered at the county-level.

A22



A23

Table H2. Effect of Duke support on pooled infant mortality rate: Intensive margin instrumental variables estimates

Appropriations Payments

Specification: Poisson OLS First stage Reduced form IV Poisson OLS First stage Reduced form IV
(1) (2) (3) (4) (5) (6) (7) (8) (9) (10)

YRct: IMR ln(IMR) Appropriations ln(IMR) ln(IMR) IMR ln(IMR) Payments ln(IMR) ln(IMR)

A. Southern counties with non-profit hospital (1930-1940)

Percent effect from $1 million of Duke support -6.08*** -6.35*** -9.05*** -9.31*** -9.44*** -14.93***
(1.30) (1.55) (2.79) (2.51) (2.60) (4.61)

Anderson-Rubin 95% Confidence Set [-16.93, -3.27]** [-29.96, -5.55]**
tF 95% Confidence Interval [-16.69, -0.72]** [-28.31, 0.94]*

(Endowment returns, billions) X 1(Non-profit hospital in NC before Duke) 0.35*** -2.80*** 0.19*** -2.80***
(0.11) (0.96) (0.06) (0.96)

Observations 2,279 2,279 2,279 2,279 2,279 2,279 2,279 2,279 2,279 2,279

B. All NC counties (1922-1942)

Percent effect from $1 million of Duke support -4.03*** -4.63*** -11.07*** -6.98*** -8.37*** -16.82***
(0.49) (0.84) (3.21) (1.32) (2.15) (4.25)

Anderson-Rubin 95% Confidence Set [-20.46, -5.24]*** [-27.83, -8.25]***
tF 95% Confidence Interval [-19.47, -1.80]** [-27.38, -4.72]***

(Endowment returns, billions) X 1(Non-profit hospital in NC before Duke) 0.38*** -3.69*** 0.23*** -3.69***
(0.11) (1.10) (0.06) (1.10)

Observations 2,100 2,100 2,100 2,100 2,100 2,100 2,100 2,100 2,100 2,100

Notes: * p < 0.1, ** p < 0.05, *** p < 0.01. Each coefficient comes from a separate regression. Columns 1 through 5 focus on cumulative appropriations from The Duke Endowment in 2017 $. Columns 6 through 10 focus on cumulative payments
from The Duke Endowment in 2017 $. All specifications in the top panel A, use the same sample that includes all North Carolina counties that had a not-for-profit hospital in the year before The Duke Endowment began capital appropriations and
all non-Carolina southern counties from Bailey et al. (2015) that have a not-for-profit hospital. The Bailey et al. (2015) data are unbalanced before 1930 and after 1940. Thus, to ensure balance across years, the data in this table are restricted to
birth years 1930 to 1940. All specifications in the bottom panel B, use the same sample that is used in our preferred analysis from Table 1, which includes all North Carolina counties from 1922 to 1942. Columns 1 and 6 show the effect of $1
million of Duke appropriation, or payments, on infant mortality using a Poisson estimator. These results are analogous to those presented in Table 2, expect that the top panel examines the outcomes with the non-NC control group of other southern
counties with not-for-profit hospitals. Columns 2 and 7 conduct the same exercise, but use OLS and a natural log transform of the infant mortality rate. Columns 3 and 8 show the first-stage relationship between the instrumental variable and the
potentially endogenous variable, cumulative appropriations (or payments). In both cases the instrumental variable is the same interaction. The first term in the interaction is the cumulative returns of The Duke Endowment’s assets less operational
overhead and 20% which is placed back into the principle, following instructions in the Indenture of Trust. The second term in the interaction takes the value of one if a county in North Carolina had a not-for-profit hospital in the year before The
Duke Endowment began appropriating money for capital projects. This instrument exploits the fact that non-North Carolina counties were ineligible for Duke-support, that most Duke-support went to improve existing not-for-profit hospitals, and
that as more money was earned by the Endowment there was greater ability to appropriate funds. Columns 4 and 9 show the reduced form relationship between the instrumental variable and the natural log of the infant mortality rate. Columns
5 and 10 show results from an instrumental variables specification with corrected standard errors. Below the standard errors the 95% Anderson and Rubin (1949) confidence set and the 95% tF confidence interval following Lee et al. (2022) are
reported. Each regression includes year and county fixed effects and control variables. Control variables include % illiterate, % Black, % other race, % urban, retail sales per capita, and presence of a county health department. Observations are
weighted by the number of births in a county and year. Each coefficient where infant mortality rate is the dependent variable represents the percent reduction in infant mortality rates due to receiving a capital appropriation or payment from The
Duke Endowment. A coefficient here of -10 would mean that mortality declines by 10%. For the first stage regressions, the coefficient is the relationship between $ 1 billion in cumulative returns and either cumulative appropriations or payments.
Coefficients are corrected for bias in the following way: 100× (exp(β)−1). Standard errors are estimated using the delta method and are clustered at the county-level.
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Figure H1. Event studies: Replacing untreated North Carolina counties with other ineligible Southern counties

(a) Pooled
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(b) Black
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(c) White
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Notes: Each panel is an event study that corresponds to the regression from column 2 of Table H1. Panel A pools Black and
White infants together, panel B examines the Black infant mortality rate, and panel C examines the White infant mortality
rate. Each regression drops all North Carolina counties that were not treated by Duke (i.e., did not receive a capital appro-
priation) before 1942. Untreated control counties are southern counties outside the Carolinas that had cities between 1930 to
1940. Data come from Bailey et al. (2015) and are unbalanced before 1930 and after 1940. Thus, to ensure balance across
years, the data in this table are restricted to the 1930 to 1940 birth years. The weights are the number of births in a county
and year. Standard errors are estimated using the delta method and are clustered at the county-level.
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I Randomization of treatment

Figure I1. Randomization of Duke support for infant mortality rate results
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Notes: This figure presents a histogram of coefficient estimates from 10,000 iterations of modifying the regression spec-
ification in column 5 of Table 1. The dependent variable is the pooled infant mortality rate in panel A, the Black infant
mortality rate in panel B, or the White infant mortality rate in panel C. In each iteration, we randomly select 48 counties out
of the 100 counties in North Carolina and consider them to be treated by Duke funding. In each case, we preserve the true
treatment path, i.e., the years when treatment turns on. The number of counties in each treatment timing group also does not
change. The dashed blue line indicates the sample mean of the 10,000 estimates. The dashed pink line indicates the estimate
from column 5 of Table 1. Each coefficient represents the percent reduction in infant mortality due to receiving a capital
appropriation from The Duke Endowment. A coefficient of −10 would mean that infant mortality declines by 10%. Coef-
ficients are corrected for bias in the following way: 100× (exp(β)− 1). All regressions include county and year-of-birth
fixed effects but no other controls. The weights are the number of births in a county and year.
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