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Summary

This thesis contains three independent but interrelated articles within the field of health
economics. Essentially, I empirically investigate topics related to the functioning of
healthcare systems. Below follows a brief description of the three articles that make up
this thesis.

The first paper, written jointly with Francisco Costa and Fabio Sanches, exploits
location choices and individual characteristics of all generalist physicians who grad-
uated in Brazil between 2001 and 2013 to study policies that aim at increasing the
supply of physicians in underserved areas. Physicians’ locational preferences is esti-
mated using a random coefficients discrete choice model. Our findings indicate that
physicians have substantial utility gains if they work close to the region they were born
or from where they graduated. We show that wages and health infrastructure, though
relevant, are not the main drivers of physicians’ location choices. Simulations from the
model indicate that quotas in medical schools for students born in poorer areas and the
opening of vacancies in medical schools in underserved areas improve the spatial dis-
tribution of physicians at lower costs than financial incentives or investments in health
infrastructure.

The second article, a joint work with Bernard Black, Alex Hollingsworth and Kos-
ali Simon, emphasizes two challenges in using the Affordable Care Act (ACA)’s quasi-
experimental variation to study mortality. The first is non-parallel pretreatment trends.
Rising mortality in Medicaid non-expansion relative to expansion states prior to Medi-
caid expansion makes it difficult to estimate the effect of insurance using difference-in-
differences (DD). We use various DD, triple difference, age-discontinuity and synthetic
control approaches, but are unable to satisfactorily address this concern. Our estimates
are not statistically significant, but are imprecise enough to be consistent with both no
effect and a large effect of insurance on amenable mortality over the first three post-ACA
years. Thus, our results should not be interpreted as evidence that health insurance has
no effect on mortality for this age group, especially in light of the literature documenting
greater health care use as a result of the ACA. Second, we provide a simulation based
power analysis, showing that even the nationwide natural experiment provided by the
ACA is underpowered to detect plausibly sized mortality effects in available datasets,
and discuss data needs for the literature to advance. Our simulated pseudo-shocks
power analysis approach is broadly applicable to other natural-experiment studies.

Lastly, the third paper, co-authored with Rudi Rocha and Sonia Bhalotra, wants to
understand whether the expansion of pre-hospital care through fixed emergency units
in Rio de Janeiro met its goal to alleviate the burden on hospitals’ emergency depart-
ment, improved hospital performance, and reduced local mortality rates. To investigate
the effects of UPAs we use a difference-in-differences approach. We found that UPAs
reduced the number of ambulatory procedures performed in hospitals’ emergency rooms
by 16.2%-18.2%. There was no major change in hospitals’ human resources, infrastruc-



ture, admissions and inpatient length of stay. But we found a substantial reduction in
total in-hospital and inpatient mortality, which was partially a reallocation of deaths
to UPAs. Once we compare the overall mortality of places that implemented these
emergency units with the ones that didn’t, we find no differences in total deaths. Yet,
their composition changed, suggesting that what happened was not only a transfer of
patients from one establishment to the other. We find evidence that UPAs may be help-
ing people with diabetes conditions and people involved in accidents and other external
causes. However, cardiovascular diseases appear to be the main hurdle preventing the
new dynamic between UPAs and hospitals from reducing overall mortality.

Keywords: Health economics; physician labor supply; health insurance; emergency
care.
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Policy Recommendations from a Structural Model
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Abstract

The lack of physicians in poorer areas is a matter of concern in developed and
developing countries. This paper exploits location choices and individual characteristics
of all generalist physicians who graduated in Brazil between 2001 and 2013 to study
policies that aim at increasing the supply of physicians in underserved areas. We
estimate physicians’ locational preferences using a random coefficients discrete choice
model. We find that physicians have substantial utility gains if they work close to the
region they were born or from where they graduated. We show that wages and health
infrastructure, though relevant, are not the main drivers of physicians’ location choices.
Simulations from the model indicate that quotas in medical schools for students born
in underserved areas and the opening of vacancies in medical schools in deprived areas
improve the spatial distribution of physicians at lower costs than financial incentives
or investments in health infrastructure.
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logit, development, Brazil.
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1 Introduction
The delivery of basic services, such as healthcare, hinges on a key resource: human capital.
The lack of qualified health professionals in rural and underdeveloped areas forms a barrier
to the improvement of health outcomes of those living in these places.1 As a result, the
imbalances in the geographic distribution of physicians, who tend to be more concentrated
in metropolitan areas, have been a matter of concern in developing and developed countries
(WHO, 2010). Many governments have resorted to the use of financial and non-financial
incentives to recruit specialized professionals to needy regions.2 However, as the thriving
literature on recruiting of health and frontline providers indicates,3 attracting qualified per-
sonnel to poorer locations has been proven challenging.

This paper exploits practice location choices of all generalist physicians graduated in
Brazil between 2001 and 2013 to estimate physicians’ locational preferences and to study
counterfactual policies that aim at reducing imbalances in the geographic distribution of
these professionals.4 We estimate a random coefficients discrete choice model to understand
how wages, local living and working conditions, as well as place of birth and graduation
influence physicians’ locational choice just after graduation. The richness of our microdata
permits us to accommodate flexible forms of heterogeneity in individuals’ preferences, in-
cluding the quality of physicians’ education. Our estimates suggest that physicians utility
increases substantially if they work close to the place they were born or completed medical
school. Wages and quality of local health infrastructure are relevant but less important than
these two types of geographic (home and graduation place) biases. Our counterfactual exper-
iments indicate that investments in medical schools in underserved areas and the adoption
of affirmative action policies – such as quotas in medical schools for students born in poorer
regions – are more cost-effective in improving the geographic distribution of physicians than
policies based on financial incentives or investment in health infrastructure.

Brazil presents a compelling setting to study physicians’ locational preferences. First,
there is a sizable imbalance in the presence of doctors across regions within the country.
Figure 1 shows the number of registered physicians per thousand inhabitants in each state’s
capital and countryside in 2015.5 While the number of physicians per thousand people

1Some papers have associated the availability and quality of human resources with better health outcomes,
e.g., Anand and Barnighausen (2004); Banerjee et al. (2004); WHO (2006); Bjorkman and Svensson (2009).

2E.g., the United States (Holmes, 2005), Canada (Bolduc et al., 1996), India (Rao et al., 2012), Ghana
(Kruk et al., 2010), and Brazil (Carrillo and Feres, 2019).

3In particular, Dal Bo et al. (2013); Dunne et al. (2013); Ashraf et al. (2016); Finan et al. (2017).
4We focus on generalists because these are the health professionals directly linked with basic healthcare.

We do not study medical specialists, such as surgeons or oncologists, because these tend to be concentrated
in specialized health centers and hospitals.

5In Brazil, in contrast to some countries in North America and Europe, the state capital is the largest
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ranges from 11.9 to 1.42 across state capitals,6 the supply of doctors outside the capitals
is substantially lower, ranging from 2 to 0.1 doctors per thousand people. The poorest
states, mostly located in the Northern regions, have fewer doctors than the richest states.
Second, the imbalance of physicians across the country comes associated with lower access
to preventive care and worse health outcomes. Figure 2 shows that basic health indicators
such as access to doctors, exams and infant mortality are worse in the countryside than in
metropolitan areas.

We assembled a unique dataset following physicians after graduation. Our primary
database comprises all 60,563 generalist physicians that received a medical degree in Brazil
between 2001 and 2013. We merge the registries of all new graduates with the official records
of all active physicians. We exploit this data to track physicians from birth, through medical
school and the first years of their professional lives. A descriptive analysis of the data reveals
that more than 50 percent of the physicians in our sample choose to work in the same region
as they were born or completed medical school. Metropolitan areas in the richest regions of
the country are the main destinations of physicians that decided to migrate to a different
region. Curiously, real wages in these metropolitan areas are relatively lower than in other
regions. Yet, these areas have better amenities and health infrastructure. Together, these
empirical patterns may indicate that wages are not the main local characteristic explaining
physicians location choices, and that home biases seem to be particularly relevant.

To better understand how physicians preferences depend on their own characteristics and
choice attributes, we estimate a discrete choice model with random coefficients (Berry et al.,
2004). This model has the advantage of accommodating spatial correlation across locations
and flexible forms of heterogeneity across individuals. We address potential endogeneity
of wages through a control function approach (Petrin and Train, 2010). Physicians’ choice
set is composed by the pairs metropolitan region-state and countryside-state for all Brazil.
Guided by our descriptive study, we model physicians’ location choices as a function of
local (i) expected real wages, (ii) amenities, (iii) health infrastructure at work, (iv) stock
of physicians, (v) penetration of private health insurance, as well as physicians’ (vi) age,
(vii) gender, (viii) birthplace, (ix) graduation place, and (x) quality of the school where they
graduated.

Our estimates show that physicians’ supply function is inelastic, with mean and median
wage elasticity ranging around 0.41 and 0.70 in metropolitan areas and in the countryside,
respectively. Our results also suggest that health infrastructure and amenities impact posi-
tively physicians’ utility. Importantly, we find that both home bias and place of graduation

and most developed metropolitan region in each state.
6E.g., the United States had 2.6 per thousand people in 2013 and Germany had a ratio of 4.1 in 2014.
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bias play a central role in the choice of job location. Physicians derive great utility for work-
ing close to their place of birth and for staying in the same region from where they graduated.
As in other papers in the literature (Dal Bo et al., 2013; Agarwal, 2015; Diamond, 2016),
local characteristics appear to be as important to explain locational choices of skilled work-
ers as wages. In particular, the low wage elasticities may explain why financial incentives in
Brazil have not been sufficient to attract more physicians to underserved areas.

Finally, we find that preferences are heterogeneous according to the rank of the medical
school from which the physicians graduated. Physicians graduated from better medical
schools value more local amenities, are more inelastic to wages, and derive lower value for
returning to their region of birth. Those graduated in top ranked schools in metropolitan
regions are the most inclined for staying in their locale of graduation. Because better schools
are located in the richest areas of the country, this finding suggests that taste heterogeneity
may contribute to regional inequality in the quality of physicians.

In the last step of our study, we use the structural model to implement two types of
counterfactual exercises. First, we perform a heuristic analysis to assess how characteristics
of individuals and choices affect the geographic distribution of physicians. We homogenize
local characteristics across regions and quantify its impact on physicians’ spatial distribution.
Our benchmark distribution is such that the physicians to population ratio is the same in all
regions. We find that if health infrastructure was geographically uniform, the distribution
of physicians would improve by 24 percent towards our benchmark. Analogously, if local
amenities were homogeneous everywhere, the distribution of doctors would improve by only
4 percent. These results indicate that health infrastructure seems to be more important in
explaining the shortage of health professionals in poorer regions than local amenities. Our
simulations also point that if medical schools were distributed across regions in proportion
to the local population, the distribution of doctors across the country would improve by 39
percent. Surprisingly, if we homogenize the place of origin (birthplace) of medical students,
the geographic imbalance in the distribution of physicians’ would reduce by 52 percent.

We then provide back-of-the-envelope estimates of the cost-effectiveness of actionable
policies. We find that policies exploiting physicians’ geographic (home and graduation place)
biases are the most cost-effective. First, quotas on student enrollment in medical schools
for students born in underserved areas considerably improve the geographic distribution of
physicians at little costs. Second, the opening of vacancies in medical schools in areas lacking
generalist physicians seems to make the geographic distribution of physicians more even, but
at higher costs compared to quotas. Third, offering a large wage premium for doctors in
needy areas is also effective but the cost of this policy is higher compared to the first two
alternatives. Last, investing in health infrastructure is less effective and substantially more
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costly than these other options.
Our paper directly relates to the literature that studies labor supply of qualified pro-

fessionals in rural and poorer areas (Bolduc et al., 1996; Holmes, 2005; Dunne et al., 2013;
Agarwal, 2015).7 More broadly, this paper contributes to the development literature on re-
cruitment of workers for service delivery (Dal Bo et al., 2013; Ashraf et al., 2016; Bau and Das,
2017; Alva et al., 2017; Leon, 2018; Deserranno, 2019), and the growing literature that applies
discrete choice models to study the determinants of migration decisions, demand for neigh-
borhoods and labor sorting (Bayer et al., 2007; Albouy, 2009; Bishop and Murphy, 2011;
Kennan and Walker, 2011; Albouy and Stuart, 2014; Bayer et al., 2016; Diamond, 2016).
Our study contributes to this body of work by shedding light on new dimensions relevant
to locational choices of qualified professionals and by providing cost-effectiveness analyses of
different policies. We show that the lack of basic working conditions can be more important
than local living conditions for physicians. Further, our estimates indicate that geographic
biases are decisive to explain locational decisions of qualified health professionals. Impor-
tantly, our counterfactuals clarify that the cost-effectiveness of policies acting on home bias
and on graduation place bias are substantially different.8

Last, we complement this literature by providing evidence of preferences heterogeneity
according to the quality of the education of high skill professionals. While higher wages may
attract more job candidates, it may also select individuals with weaker pro-social motiva-
tion (Francois, 2000) and affect retention and performance (Ashraf et al., 2016; Deserranno,
2019). Our estimates suggest that policies based on wages may also affect the composi-
tion of recruited health professionals by attracting individuals more responsive to financial
incentives, in our setting, those graduated from lower ranked universities.

This paper is organized as follows: in Section 2, we provide an overview of the Brazilian
health system and of physicians labor market. We then present a description of our data and
some descriptive evidences in Section 3. Section 4 describes the theoretical model of physi-
cians’ supply and demand. The estimation results are presented and discussed in Section 5.
We present the counterfactual exercises in Section 6 and discuss the policy implications of
our results. Section 7 concludes.

7Studies in a developing country context use stated-preference surveys (see de Bekker-Grob et al., 2012).
8Two recent papers (Kulka and McWeeny, 2018; Falcettoni, 2018) study the shortage of doctors in rural

areas in the United States. Like ours, both find that physicians prefer to practice close to their residency
location. Differently from these papers, we can distinguish physicians’ preferences for working close to
their home region (birthplace) or close to the school from where they graduated. As we showed above, this
differentiation is important because policies exploiting the two types of geographic bias – home or graduation
place – produce different results. Another difference is that we consider physicians’ preferences for health
infrastructure, which tend to be substantially lower in underdeveloped areas, particularly, in the developing
world.
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2 Empirical Context
This section provides background information on the Brazilian context. First, we describe
the labor market for physicians in Brazil. Both public and private sectors are important
providers of health services in the country and physicians can work freely in both sectors.
Next, we characterize the geographic distribution of physicians and discuss recently imple-
mented public policies to mitigate regional imbalances in the distribution of physicians. Our
description suggests that policies based mainly on financial incentives were not sufficient to
reduce regional imbalances and that excess demand for physicians still prevails in most parts
of the country. We close the section showing correlations between access to basic healthcare
and health outcomes of the Brazilian population. These correlations suggest that access
to basic health care improves health outcomes, which serve to justify why the presence of
physicians in underserved regions may have positive implications for populations living in
these areas.

2.1 The Labor Market for Physicians

The Brazilian market for physicians is dichotomous; public and private sectors are impor-
tant providers of health services. The public health system, known as the Unified Health
System (Sistema Único de Saúde, SUS), was inspired by the National Health Services in
the United Kingdom and is now one of the largest in the world in terms of coverage. Free
health care is provided both in public establishments and private health facilities associated
with SUS. The services offered range from simple outpatient care to organ transplantation.
System management is decentralized with responsibilities being transferred by the Federal
government to states and cities. The purpose of this decentralization is to make local health
systems more aligned with local interests needs (Elias and Cohn, 2003). Important to our
study, state and municipal governments have autonomy to hire physicians and health work-
ers. While the main admission process to jobs in the public health system is through public
exams, most entry level jobs for doctors in the public sector are temporary contracts which
are more flexible and offered through standard selection process.

The private sector also plays an important role in the Brazilian health system. The
country has the second largest private insurance market by number of users in the world,
covering 25 percent of the population. This is a regulated market, where most private health
plans are either small or medium sized local firms. These plans often operate via contractual
arrangements and their medical care is provided through partnership with private clinics and
hospitals (Elias and Cohn, 2003).

The labor market for physicians in Brazil is very flexible. Physicians can freely choose
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where to work and contractual arrangements. It is very common that physicians work in
more than one health facility and under a variety of employment relationships at the same
time.9 A survey conducted by the Federal Council of Medicine (Scheffer et al., 2015) in 2014
with 2,400 doctors shows that around 21.6 percent of physicians work exclusively in the
public sector, 26.9 percent work exclusively in the private sector and 51.5 percent have joint
appointments in the public and private sectors.10 Because every work arrangement requires
the doctors to be registered at the regional CRM, we will observe all of them in our data.

This completes the description of physician market in Brazil. Next we describe the
geographic distribution of physicians in the country.

2.2 Geographic Distribution of Physicians
In 1980 Brazil had 1.15 physicians per 1,000 inhabitants. This number increased substantially
in the past years followed by the inauguration of several medical schools. By the end of 2014,
there were 251 medical schools in the country, but 74 of them opened after 2008 and are not
included in our sample since we look at physicians that graduated between 2001 and 2013.11

In 2015 the number of physicians per 1,000 inhabitants jumped to about 2.11 (Scheffer et al.,
2015).

Despite the growth in the number of physicians, some regions are still severely under-
served. As Figure 1 shows, physicians are mainly concentrated in state capitals. Concen-
tration is especially high in the richest regions (South and Southeast). The physicians to
population ratio ranges from as high as 11.9 in Espirito Santo’s capital to 1.27 in its coun-
tryside. Across regions there is also a considerable variation: while the countryside of Rio
de Janeiro has 2.11 physicians per 1,000 people, the countryside of Piauí, one of the poorest
states, has a ratio equal to 0.01. Another way of looking at these imbalances: Brazilians
living in cities with populations smaller than 50,000 people, which represents 32.6 percent of
the total population, can rely on only 31,500 thousand doctors, a ratio below 0.5 physician

9The constitution limits physicians to hold at most two public jobs, adding to a maximum of 60 hours per
week. A decree from the Ministry of Health limits to five the number of private employments per physician,
although the municipal government can authorize physicians to accumulate more jobs (Ministry of Heath,
Decree 134/2011).

10Physicians that are in the public sector mainly work in hospitals (51.5%) and in primary health care
(23%). Among those in the private sector, 40.1% own their practices, 38.1% work in private hospitals and
31.1% in clinics or private ambulatories. These percentages do not sum 100% because physicians usually
work in several health facilities.

11Around 47% of the medical schools are public, financed by the Federal or State Ministry of Edu-
cation and tuition free – SIGRAS (System of Indicators of Undergraduate Health Courses), 2014. The
other 53% are private schools with tuition that may vary from around $11,971-$41,879 dollars annually –
https://www.escolasmedicas.com.br/mensalidades.php; conversion from Brazilian Reais to US Dollars based
on the exchange rate in 31/01/2019 (3.65 BRL/USD).
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per 1,000 inhabitants (Scheffer et al., 2015).
Federal and local governments implemented a series of programs to mitigate the un-

dersupply of physicians in disadvantaged areas. The two most important are the Primary
Care Professional Valorization Program (Provab) and the More Physicians Program (Mais
Médicos). The first was created in 2011 and intended to attract newly trained physicians to
needy regions using two incentives: competitive and tax-free wages and a 10 percent increase
in the final grade in admission exams to medical specialization programs. The second was
implemented in the middle of 2013 and involved three strategies: (i) expansion and building
of new primary health care units in needy areas; (ii) increasing in the number of medical
schools and medical residency programs in areas suffering from undersupply; and (iii) open-
ing of primary health care jobs with good wages in underserved areas (Carrillo and Feres,
2019).

Despite all the effort, the government could not fill new positions. Figure 3 presents the
number of vacancies created by the More Physicians Program and the number of physicians
graduated in Brazil that filled the vacancies (per 1,000 people) between July 2013 to July
2014. As is evident, most of the vacancies remained unfilled, especially those in the coun-
tryside and in poorer states. Given the vast excess demand for physicians, the government
started to source foreign doctors, especially from Cuba. This suggests that the main hurdle
to overcome regional imbalance of health professionals is not the lack of positions with good
wages, but some other aspect behind physicians’ locational preferences.

2.3 Health Provision and Health Outcomes

The inadequate supply of physicians has immediate implications for local access to healthcare
and, possibly, for the health status of the population. Figure 2 displays some measures of
access to healthcare and health outcomes in rural and urban areas in Brazil. The data comes
from the 2013 National Health Survey (Pesquisa Nacional de Saúde) and the Mortality
Information System (SIM-Datasus). The picture is clear: the population in rural areas tend
to have lower access to healthcare and worse related health outcomes than in urban areas.
For example, those living in the countryside are about 38 percent less likely to have been to
a doctor’s appointment in the last 12 months than those living in urban areas. Infants in
rural areas are about 20 percent less likely to visit the doctor in the first 30 days of life, and
about 50 percent more likely to not have gone through the recommended number of prenatal
care visits than infants in urban areas. The same pattern can be seen in measures related
to men’s health and diabetes.12 Perhaps as a consequence, infant mortality is 18% higher in

12The Brazilian Ministry of Health recommends a minimum of six prenatal care visits and that the first
visit to the doctor be in the first week after birth.
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rural areas.
This gap between rural and urban seems to be driven in part by the lower number of

physicians per capita in rural areas. Table A2 presents the regression estimates of three
different measures of infants’ and women’s health statuses on the number of physicians
per capita across Brazilian municipalities between 2005 and 2016. We find a positive and
strong correlation between physicians per capita in a given municipality-year and infants’
health outcomes. These correlations are virtually unchanged when we add a dummy for
municipalities in the countryside and do not loose statistical significance when we add state
fixed effects and compare municipalities within states. The relationship gets weaker, however,
when we add municipality fixed effects. This may be driven by other local characteristics
relevant to infants’ health but also by small variation in the number of physicians within
underserved municipalities over the decade.

In summary, the descriptive evidences shown in this section suggests that:13 (i) there is a
large regional imbalance in the distribution of doctors in Brazil, both across different states
and across rural or urban areas within states; (ii) health outcomes in underserved areas tend
to be worse. This helps understanding the amount of attention given to this matter by
national and international institutions. Next, we describe our dataset and show preliminary
evidence on the determinants of the geographic distribution of physicians in Brazil.

3 Data and Descriptive Analysis
This section describes the data sources, our sample and variables. Alongside, we present the
summary statistics of our data in Table 1. Appendix E provides more details on our dataset.
We also present descriptive statistics on practice location choices of physicians in our sample.
Our objective is to obtain preliminary evidence on the importance of different local attributes
to physicians choices. This analysis will guide the formulation of the structural model in the
next sections.

3.1 Data

Sample and aggregation level. Our sample consists of all physicians graduated between
2001 and 2013. For technical reasons, we aggregate geographical units into pairs metropolitan
region/state and countryside/state, amounting to 52 possible choices.14 All explanatory

13Please, see Appendix B for a more detailed discussion.
14Using finer spatial units leads to higher computational costs and, more importantly, a large number of

cells (region-year) not being chosen by any physician. Brazil has 26 states and the Federal District. This
would represent 53 decision choices according to our approach. However, the state of Santa Catarina is
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variables are averaged at this geographical level for the year prior to graduation – i.e.,
ranging from 2000 to 2012 – because we assume physicians make their decision based on the
local characteristics one year before graduating.15

Physicians and practice location. Our primary data source are the records of all physi-
cians in Brazil, active or not, maintained by the Federal Council of Medicine (CFM). This
registry contains physicians’ names, cities of birth, medical schools attended and the begin-
ning and conclusion dates of physicians’ training. We have 149,637 doctors who graduated
between 2001 and 2013, our period of study.16 To restrict attention to generalist physicians,
we merge this database through name and registration number with the National Commis-
sion of Medical Residency (CNRM), which contains all physicians who applied for specialist
training.17 We have that 40% of recent graduates did not pursue a residency program, leaving
us with 60,563 generalist physicians, which are the focus of our research.

We link all generalists with the Annual Report of Social Information (RAIS/MTE) from
2001 to 2015 and the National Register of Health Establishments (CNES) from 2005 to
2016, using their full name. The first database is maintained by the Ministry of Labor
and Employment in Brazil and currently covers around 97% of the formal sector in the
country. For each establishment we observe detailed information about its employees, which
makes it possible to see in which cities physicians with formal job contracts are working,
as well as their wages, working hours, age and gender. The second database keeps records
of all active physicians working in the public and private sectors, including the ones self-
employed. With these two datasets we know the workplace of all active physicians – i.e.,
those acting as paid workers or associates in any private or public health facilities in the
country.18 We find the workplace of 78% of all generalist physicians within their first three
years from graduation, leaving us with a final sample of 46,989 physicians.19 Reassuringly,
as the descriptive statistics in Table A3 show, physicians that made it into our final sample
do not look systematically different from the ones we lose.

Table 1 column 1 shows physicians’ decision of practice location. It depicts a similar

composed primarily of metropolitan regions.
15Physicians graduating and making locational choice at period t observe local characteristics at t − 1.
16We consider only physicians that were born and completed medical school in Brazil. This figure is similar

to the 149,002 physicians graduated in the same period according SIGRAS/INEP.
17Medical residency is the golden standard of medical specialization in Brazil. Other forms of graduate

training are recognized by the Brazilian Medical Association (AMB), but they are very heterogeneous in
their quality, curriculum, and duration. Thus, our definition of specialist comprise only the doctors with a
medical residency degree.

18If a physician works in more than one region, we consider only the one with higher working hours.
19We actually lose only 5.5% of generalist physicians in the merge with RAIS and CNES. We find the

remaining 16.5% after more than three years from graduation. We do not consider these physicians because
we cannot assure these regions were their first location choice after medical school.
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scenario to the one in Figure 1. Physicians choose to work more in capitals and metropolitan
areas, and more than 50 percent of all physicians took a job in the Southeast region. Only
26.6% of the generalists who graduated in the period started their careers in the North and
Northeast regions, which includes more than 36% of the Brazilian population.20

Birth and medical school location. We create dummies equal to one for physicians that
choose to work in their birth place or in the same location where they completed medical
school. As Table 1 column 2 shows, 55% of doctors graduated in the Southeast. On the other
extreme, the countrysides of the North, Northeast, and Midwest graduated only 1.14% of all
physicians. A similar, but less extreme, pattern can be seen in physicians’ birth location.
Quality of medical schools. We proxy the quality of Brazilian medical schools using
the ranks of university courses published by Folha de São Paulo newspaper in 2013. Brazil
had 214 medical schools in our time frame, and 44% of medical schools in Brazil are in
the Southeast region (INEP). The top 25 medical schools graduated 17% of the doctors in
our sample, and these universities are mostly concentrated in metropolitan regions of the
South, Southeast, and Midwest. Around 38% of generalists graduated in universities ranked
outside the top 100. The mean and median rank of physicians in our sample are 83 and 71,
respectively.
Physicians per 1,000 people. We compute the number of physicians per 1,000 people
from CNES. This variable captures both competition effects (that is, more saturated local
markets), and peer effects (more physicians could bring greater learning opportunities and
networking). The numbers in Table 1 column 4 again resemble the physicians’ concentration
pattern shown in Figure 1.
Health infrastructure and private market. The lack of equipment, supplies and ap-
propriate health units may affect physicians’ decisions of where to work. To assess how
physicians perceive the working environment in each region, we measured the availability of
essential medical equipment to diagnose and treat patients using CNES data from 2005 to
2015 on the per capita number of ultrasound and x-ray machines, mammographs, computed
tomography (CT) and magnetic resonance imaging (MRI) scanners across Brazilian regions.
With these ratios, we developed a normalized index of health infrastructure, the same way
as Kling et al. (2007). Table 1 column 5 shows that health infrastructure is the worst ex-
actly in regions with the biggest deficiency in physicians, the countryside of the North and
Northeast. The regions with the best health infrastructure are the metropolitan areas from
the South, Southeast and Midwest.
Private health insurance coverage. As a proxy for opportunities in the private market,

20We also show that most physicians still work in the same region of their first job after graduation five
years later (see Table A5). This supports our focus on the first job after medical school.
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we use the coverage of private health insurance in each region, obtained from the National
Regulatory Agency for Private Health Insurance and Plans (ANS). Column 6 shows, again,
that the richest regions are also the ones with a higher percentage of the population covered
by health insurance – 37.5% and 25.5% in the metropolitan regions of the Southeast and
South against 1.8% and 2.4% in the countryside of the North and Northeast.
Amenities. Local amenities play an important role in labor sorting of skilled workers (e.g.
Diamond, 2016). To summarize an area’s observable quality of life,we computed a local
amenity index which includes six features: (i) education, comprising the scores in a national
exam of local elementary schools from first to fifth and sixth to ninth grades (INEP); (ii)
entertainment, quantified by the number of cinemas, hotels, restaurants and recreation firms
per capita – RAIS and the National Cinema RegulatoryAgency (ANCINE); (iii) transporta-
tion – RAIS and the National Traffic Department (DENATRAN); (iv) violence measured by
the number of violent deaths per capita – Mortality Information System (SIM/DATASUS);
(v) local GDP per capita and; (vi)public investment by the state and municipal governments
– National Treasure.21 We combine all these variables into one amenity index as Kling et al.
(2007).Table 1 column 7 presents the statistics of this amenity index by region. The im-
balance follows the same pattern documented in the health infrastructure index with the
countryside of the North and the Northeast, again, having the worst amenities.
Wages. We also construct a measure of physicians’ expected compensation. For each of the
52 decision units we calculate the average wage per hour of recently graduated (below 35
years old)physicians using RAIS. Given that this data only covers formal jobs, this measure
underestimates total physician income as it does not account for off-book earnings. How-
ever, the average hourly wage in the formal labor market is correlated with the earnings
opportunities in the informal markets,22 so this measure captures a meaningful variation in
physicians’ compensation over time and across regions. We adjust the expected wages for
local purchase power. We calculate local living costs using the values of real estate rentals
from the National Household Sample Survey (PNAD) and the 2010 Census.23

The last column in Table 1 shows the average wage per hour earned by recently graduated
generalists (in 2010 BRL) adjusted by local living costs. Differently from the other variables,
we see that physicians’ real hourly wages are considerably higher in the countryside than
in the corresponding metropolitan regions. Likewise, generalists in the poorest regions tend

21The choice of these features was based on the amenity index developed by Diamond (2016), and adapted
to the Brazilian data availability and context.

22It is difficult to rationalize that areas with higher formal wages tend to have lower informal wages.
23We regress the rental value against many property’s characteristics and a set of dummies that identifies

in which region the property is located (see Summers, 1973; Seabra and Azzoni, 2015). Potential sample
selection issues related to the fact that rented households may differ in many ways from those not rented are
addressed using Heckman (1979). For more details on how this measure is constructed, see E.
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to earn more in real terms than those in the most developed areas. This indicates that less
developed areas already pay a premium to physicians in order to compensate worse amenities
and working conditions. These financial incentives, however, do not suffice to correct the
large imbalance in the number of generalist physicians per capita across the country.

3.2 Descriptive Analysis
We present descriptive evidence that illustrates how the set of local attributes characterized
in the last subsection may influence physicians practice location choices. Panel A in Table 2
describes practice location choices of physicians born in different regions of the country. Each
cell (i, j) in the table has the fraction of physicians born in region i (row) that decided to
work in region j (column). Analogously, the rows in Panel B indicate the region physicians
completed medical school and columns their practice location choices.24 The analysis of
these two panels reveals interesting patterns.

First, as the main diagonal of both panels illustrates, most physicians prefer to stay in
the same region they were born or completed medical school. Overall, 62.2 percent(60.6%)
of the physicians in our sample stays in the same region they were born (completed medical
school). This effect is even stronger for physicians that were born (or completed medical
school) in the most developed areas of the country (South and Southeast). In particular,
74.1 percent(72.2%) of the physicians born (completed medical school) in the metropolitan
areas of the Southeast continues to work in the same area after graduation. Similar patterns
are observed for physicians that were born or completed medical school in the metropolitan
areas of the South region. These numbers suggest that home and graduation place biases
are very strong for physicians.

Second, the Southeast, the richest area of the country, attracts a relatively large number of
physicians that were born (or completed medical school) in the other regions of the country.
For example, 13.2 percent(8.3%) of the physicians that were born in metropolitan areas
(countryside) of the North migrated to have their first job in the Southeast region. In
total, approximately 10 percentof physicians born in the North move to the Southeast after
graduation. Similar patterns are observed when we look at panel B. This fact is interesting
because, as shown in Table 1, real wages in the Southeast region are relatively lower than in
the poorest regions. On the other hand, the Southeast has better health infrastructure and
amenities than the other regions.

The descriptive analysis appears to indicate that, after graduation, physicians tend to stay
24This analysis does not consider the 52 alternatives in our setting, but the aggregation of them into ten

bigger regions as displayed in the Table 1 - N, NE, SE, S and MW divided in metropolitan regions and
countryside.
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close to the place they were born or completed medical school. Physicians that migrate to a
geographic region that is different from the geographic region they were born (or completed
medical school) prefer regions with better health infrastructure and amenities but that pay
relatively lower wages. Jointly, these evidence may indicate that wages are not as important
as other local attributes to explain physicians locational preferences. In the next section, we
analyze physicians’ locational preferences using a structural model of supply and demand of
physicians in Brazil.

4 Empirical Framework
This section characterizes our structural model and estimation procedure. The framework
is intended to capture key characteristics of supply and demand of physicians in Brazil. The
labor supply is a discrete choice model that describes physicians’ practice location choices.
Berry et al. (2004) show how detailed information on individual characteristics and choices
can help researchers to identify individual preferences. As our data contains a wide set of
information on physicians’ characteristics and practice location choices, Berry et al. (2004)
is the natural benchmark for our supply model. Next we develop a simple model of demand
for physicians, and discuss its main assumptions and implications. We close the section by
describing strategies that we employ to estimate the model.

4.1 Supply Side

We assume that right after graduating from medical school at year t physician i chooses a
practice location j among J ≥ 1 different practice locations. We define location as the pair
(state, area), where state is one of the 26 Brazilian states plus the Federal District; and area
is either state capital including metropolitan region or countryside. Physician i’s indirect
latent utility from choosing location j is given by:

uijt =
∑

k

xjtkβ̃ik + ξj + ξ̃j · t+ ξ̃jt + εij, (1)

with,
β̃ik = βc

k +
∑

r

zirβ
o
kr + βu

k vik. (2)

In this model, the variables xjtk represent observed attributes of location j at year t, such
as local health infrastructure, indexes that capture quality of local amenities, etc. Physicians’
real wages are included in the vector of observed attributes of each location. Analogously,
ξ̃jt condenses local characteristics that are not in our data (e.g. quality of local restaurants,
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quality of cultural life, etc) and is left as an error term. We also include in the model a
location fixed-effect, ξj, capturing unobserved attributes of location j that are constant over
time (e.g. natural attributes) and ξ̃j · t is a location specific time trend. In practice, as in
Nevo (2000), ξj is modeled as location specific dummies and the term ξ̃j · t is modeled as an
interaction between a time trend and the location dummies. The remaining error term, εij,
represents an idiosyncratic preference that physician i has over location j and β̃ik represents
the effect of a given observed attribute of location j at year t, say xjtk, on physician i’s
indirect utility.25

The terms β̃ik are decomposed into a choice specific constant, βc
k, observed physicians

characteristics, zir, and unobserved physicians characteristics, vik. In other words, physician
i’s “tastes” for each observed attribute of location j at year t are allowed to vary according to
their observed and unobserved characteristics. The components βo

kr and βu
k capture, respec-

tively, the effects of observed and unobserved physicians characteristics on β̃ik. Sometimes
we use βc, βo and βu to denote the vectors {βc

k}k, {βo
kr}kr and {βu

k }k, respectively. The
variables zir contain physicians attributes that are present in our data, such as age, gender
and the quality of the medical school physician i graduated from. The variables vik contain
physicians’ characteristics that we do not observe (e.g. marriage status, number of children,
etc).

Substituting equation (2) into equation (1) we obtain a model that governs physicians’
practice location choice:

uijt = δjt +
∑

k,r

xjtkzirβ
o
kr +

∑

k

xjtkvikβ
u
k + εij, (3)

where,
δjt =

∑

k

xjtkβ
c
k + ξj + ξ̃j · t+ ξ̃jt. (4)

The formulation above captures two important features of our framework. First, substi-
tution patterns across different locations are allowed to depend on observed and unobserved
physicians’ attributes. Physicians with different observed and/or unobserved characteristics
give different weight for the same observed choice attribute. That is, it can be the case
that local health infrastructure is more important for graduates from better schools than
for graduates from worse schools, or that physicians that have children are more concerned

25We are suppressing the time index t for all variables that are already indexed by i. We are doing this
because each individual is observed only at the year they graduate from medical school, i.e., the index i also
represents year of graduation. By using the index t together with the index i we would give to the reader
the erroneous impression that each individual is observed at different points in time. However, keep in mind
that observed choice attributes can be different for individuals graduating in different cohorts.
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with the quality of local amenities than physicians that do not have children. In practice,
the inclusion of these interactions produces a model with very flexible substitution patterns
(see Berry et al., 1995, 2004; Nevo, 2000). Second, the variables xjtk summarize a finite set
of attributes of location j that are relevant for i’s decision process. However, as the list of
relevant local aspects can be quite large and/or partially unobserved by the econometrician,
not all the relevant characteristics of location j are included in our xjtk. The role of ξ̃jt, of
the time invariant and time varying location fixed-effects – ξj and ξ̃j · t, respectively – is to
account for all the relevant characteristics of location j affecting i’s decision that are not
included in xjtk.

Physicians are assumed to choose a single location, j ∈ {1, 2, ..., J} in order to maxi-
mize their utility – expressed by equations (3) and (4). This defines a set of unobserved
individual/location attributes that is associated with the choice of each location. Under
distributional assumptions on unobservables – which will be specified later in this section –
we can integrate this distribution over the set of individual and local characteristics lead-
ing to each choice and obtain the probability of any given physician i choosing any given
location j, sijt (xt, zi; θ), as a function of preference parameters, θ, observed individual char-
acteristics, zi, and observed location characteristics, xt. We will precisely characterize these
probabilities later in this section. Now we turn to the demand model.

4.2 Demand Side

The demand of physicians is highly dependent on the public sector. This makes the task
of modeling the demand side more involved as the objective function of public administra-
tors may be influenced by a myriad of idiosyncratic factors. On the other hand, evidences
shown in Section 2 suggest that there exists considerable excess demand for physicians in
the Brazilian market. This is consistent with a model where wages are not set in order to
clear the market. Based on these observations, our baseline model assumes that the demand
for physicians is inelastic and depends only on observed and unobserved characteristics of
each location.

More specifically, we assume that wages, wjt, are a linear function of the other observed
location attributes (except wages) including location and year fixed effects, x̃jt, an instru-
mental variable (that will be specified later), hjt, and an error term, ηjt:

wjt = x̃jtγ + hjtλ+ ηjt. (5)

The instrumental variable, hjt, does not enter utility directly but affects wages. The
vector (γ, λ) contains the parameters of the wage equation. We further assume that ηjt and
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ξ̃jt are uncorrelated with x̃jt and hjt but are not independent of each other. In other words,
wages in location j depend on local observed attributes and an idiosyncratic term, ηjt, that
may be correlated with unobserved local attributes, ξ̃jt. The correlation between ηjt and ξ̃jt

is captured by the following process:

ξ̃jt = ηjtψ1 + η̃jtψ2, (6)

where, ψ1 and ψ2 are parameters to be estimated and η̃jt is an error term.
We also estimate the model assuming that local governments are oligopsonists and set

wages to maximize a welfare function subject to a budget constraint. We describe this model
in the appendix. The fitting of the alternative model to the data is worse than the fitting of
the baseline model.

4.3 Estimation
The main issue behind the estimation of the supply model is that wages at any given location
are likely to depend on unobserved location attributes, ξ̃jt – which is assumed to be known
by physicians and public administrators but not by the econometrician – see equations (5)
and (6). To deal with this issue, we apply the control function approach pioneered by
Heckman and Robb (1985) and adapted by Petrin and Train (2010) for the estimation of
Random Utility Models.26

We define the instruments for wages in location j, period t as the average value of observed
attributes of other locations except location j that are in the same geographic region27 as
location j, period t – i.e., the average of variables xjtk in equation (1), except wages, across
all j′ 6= j that are at the same geographic region as location j (see Berry et al., 1995). The
intuition for this instrument is that health facilities in a given region may also take into
consideration the characteristics of neighboring regions when setting wages. For example, if
neighboring region “B” has better health infrastructure or amenities than region “A”, health
facilities at region “A” may have to increase their wages in order to attract physicians.
This approach will be valid if observed location attributes are determined exogenously (see

26Another popular method to solve endogeneity problems of this type is the one developed in Berry et al.
(1995). This method is not suitable for our application because the observed probabilities of some individuals
choosing some locations are zero. In this case the contraction mapping used to recover ξjt does not converge
and we cannot form the moment conditions necessary to recover the parameters of interest. According to
Petrin and Train (2010) both procedures produce very similar results.

27Brazil is divided in five geographic regions (North, Northeast, Midwest, Southeast and South). These
regions have similar geographic and economic characteristics. To calculate the instrument we consider the
pairs Region-Metropolitan Area and Region-Countryside.
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Nevo, 2000). As in other papers in the literature, the main pitfall behind these instruments
is that observed local attributes can be correlated with unobserved local attributes. We
believe, however, that the inclusion of location and year fixed effects may help to mitigate
this problem.

We next define physicians’ location choice probabilities based on equations (3), (4), (5)
and (6). Given the instrument, hjt, we can recover the variable ηjt via OLS from equation
(5), so we proceed as if ηjt and (γ, λ) are known. This term is our control function. It
captures the correlation between wages and unobserved local attributes. Therefore, the
observed variables of the model are xjtk and zir, the unobserved variables are vik, η̃jt and εij,
and the parameters are θ =

(
ψ1, ψ2, β

c, βo, βu, {ξj}j ,
{
ξ̃j

}
j

)
.

To obtain physicians’ choice probabilities, we still have to specify the joint distribution of
the unobserved variables, vik, η̃jt and εij. Following Petrin and Train (2010) and Berry et al.
(2004) we assume that: (i) εij is iid across i and j with Extreme Value distribution; (ii)
the unobserved individual characteristics, vik, are iid across i and k with a standard normal
distribution; and (iii) the term η̃jt is iid across j and t with standard normal distribution.
Based on these assumptions, the probability of physician i graduating at year t choosing
practice location j as a function of the the vector of parameters θ and the observed individual
and location characteristics can be expressed as:

sijt (xt, zi; θ) =
∫ exp

(
δjt + ∑

k,r xjtkzirβ
o
kr + ∑

k xjtkvikβ
u
k

)

∑
q exp

(
δqt + ∑

k,r xqtkzirβo
kr + ∑

k xqtkvikβu
k

)dFvdFη̃, (7)

where, δjt = ∑
k xjtkβ

c
k + ξj + ξ̃j · t + ηjtψ1 + η̃jtψ2, Fv is the cumulative distribution of

unobserved individual tastes vik, and Fη̃ is the cumulative distribution of the error terms,
η̃jt.

We first estimate equation (5) by OLS and recover the error term ηjt. This term, along
with the observed variables, is plugged into the integral above. The integral is approximated
via simulation. The terms vik and η̃jt are drawn from a standard normal distribution. For
each draw, the logit equation inside the integral is calculated. This process is repeated 150
times – i.e., for each individual in our sample we draw a sequence of 150 (vi, η̃) vectors from
Fv and Fη̃. We calculate the integral in (7) as the average across draws of the logit formula.
We estimate the vector of parameters, θ, via Simulated Maximum Likelihood.

Having estimated sijt (xt, zi; θ), the aggregate supply of physicians at each location-year
can be calculated taking draws – we take in total 300 draws for each individual in our sample
– from the distribution (7) and aggregating the outcomes.
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5 Labor Supply Estimates
This section presents the estimates of physicians’ supply function and shows the fitting of
our model.

5.1 Labor Supply Estimates

We estimate four different versions of the supply model. Tables 4 and 5 show the estimates
of the parameters βc and βo, and Table 6 shows the estimates of βu – see equation (2).28 The
first two columns in Table 4 illustrates the estimates of the Logit model – i.e. the version
of the full model where βu is restricted to zero. The last two columns have the Random
Coefficients Logit estimates. In both models, we present estimates without (columns 1 and 3)
and with (columns 2 and 4) correction for endogeneity of wages – that is, using the control
function.29All equations include location fixed effects and an interaction between location
fixed effects and year. The observed local attributes used in all specifications were described
in Section 3. All variables were normalized to be between 0 and 1, thus the magnitudes of
the coefficients are comparable across different variables. As a robustness, we estimate the
model restricting physicians’ choice set according to the historical placement of each medical
school.30

Overall, the sign of our estimates are as expected in both the Logit and Random Coef-
ficient models and in consonance with the descriptive evidence in Section 3. Health infras-
tructure and amenities seem to increase physicians’ utility and are statistically significant,
suggesting that physicians value working and living conditions. The dummies of place of
birth and local where the physician graduated are also positive and significant, meaning that
home bias and moving costs are taken into account in the choice of work location. On the
other hand, the number of physicians per capita and the coverage of health insurance are
not statistically significant.

The main difference between both models is the sign of wages. In the models we do not
use control function (columns 1 and 3), wages have a negative but small sign. However,
when we use the control function (columns 2 and 4), the coefficients attached to wages are

28Table 6 has only two columns, one for each of the two versions of the Random Coefficients Logit.
29The inclusion of the control function in equation 7 biases maximum likelihood standard-errors. We

attempted to correct our standard-errors using bootstrap. However, as the random coefficients model takes
on average 3 days to run, the bootstrap method for the random coefficients model showed to be computa-
tionally unfeasible. We computed bootstrap standard-errors for the logit models only. We observed that the
differences between bootstrapped standard-errors and maximum likelihood standard-errors are minimal. We
take this as evidence that the bias in the standard-errors are of second order.

30Precisely, we identify the set of locations graduates from each medical school chose over our time frame.
We, then, estimate a version of the model restricting the choice set of all students in each medical school to
this set locations. As Appendix Tables A8, A7 and A9 show, results are quantitatively similar.
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positive and statistically significant. We report the first stage estimates – parameters (γ, λ)
in equation (2) – in Table 3. The coefficient attached to ηjt – from equation (6) displayed in
the last row of second column – is also negative and statistically significant, suggesting that
wages and unobserved local attributes are negatively correlated. This result is also expected:
health facilities in areas where the value of unobserved local attributes is higher may be able
to attract physicians paying lower wages. Similar patterns are also observed in studies of
demand for differentiated products.31

Table 6 reports the coefficients attached to the interactions between local attributes and
unobserved physicians’ characteristics. In both models only the interactions with place of
birth and place where the physician completed medical school are significant. This suggests
that unobserved physicians’ characteristics may help to explain practice location choices.

5.1.1 Wage elasticity

Table 7 reports the wage elasticities implied by the Random Coefficients Logit with control
function. Each row corresponds to one Brazilian state. The first two columns show own elas-
ticities and the minimum of cross wage elasticities for the state capital and its metropolitan
area. The other two columns have the same numbers for the countryside of each state.32

These results indicate that physicians’ supply function is inelastic. The highest own wage
elasticity across capitals and metropolitan areas is around 0.86 and the lowest is around
0.13. Elasticities in the countryside are relatively higher than in capitals and metropolitan
areas for most states. These numbers are in line with previous estimates found in the health
literature.33 They suggest that policies targeting (only) pecuniary incentives may not have
a decisive effect on the redistribution of physicians across the country. In the next section,
we quantify the implication of this type of policy.

31This type of endogeneity induces a positive bias in the coefficient attached to prices in studies of de-
mand for differentiated products, as prices are expected to be positively correlated with unobserved product
attributes (see Berry et al., 1995; Nevo, 2000).

32The Federal District (DF), by definition, has no countryside. For Santa Catarina (SC), we aggregated
capital and countryside because SC is a small state and capital (plus metropolitan area) covers a large
fraction of the population living in the state.

33Baltagi et al. (2005) use a dynamic panel of 1303 male physicians in Norway to estimate a standard
supply function (hours worked on wages) and find a wage elasticity of 0.33. Andreassen et al. (2013) studies
how wages affect physicians choices over 10 different combinations of jobs packages that differ with respect
to working load, place of work (hospitals or primary care) and type of institution (public and private) in
Norway. Wage elasticities obtained in this study are around 0.04. We refer the reader to these papers for
a detailed survey on the topic. The general conclusion of these studies is that the supply of physicians is
inelastic.
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5.1.2 Heterogeneous preferences

Finally, in all specifications a number of interactions between local attributes and physicians’
observed characteristics is statistically significant. Our estimates suggest that while men
value amenities relatively more than women, they derive lower value for staying in the
locale of their graduation and those born in metropolitan regions seem to be less inclined to
work close their birth place. We interpret this as suggestive evidence that the fixed cost of
migration is lower for men than for woman.34

More importantly, physicians’ taste seem to be meaningfully different according to the
rank of the course each physician graduated from. Because the university rank is closely
related to physician’s qualifications, this heterogeneity in taste may have important policy
implication. Note that the the quality of the medical school decreases with university rank,
for instance the top medical school in Brazil has a university rank index equal to zero, and
the universities with the worse evaluations have a rank index close to one. We see that those
who graduated from better medical schools derive higher utility from local amenities, have
lower wage elasticity, and derive lower utility from returning to their region of birth. Those
who graduated from better quality schools in metropolitan regions derive the greatest utility
from staying in their local of graduation.35

5.2 Model Fitting

Table 8 shows the fitting of our model. For each Brazilian geographic region – North (N),
Northeast (NE), Southeast (SE), South (S) and Midwest (MW). The first column shows the
distribution of physicians as observed in the data. The second column reports the number of
physicians in each geographic region/area as predicted by the model. The third column has
the frequency of physician choices that were correctly predicted by the model;36 we assume
that physician i has their choice correctly predicted by the model if the probability of going
to location j is higher than the probability of going to any location j′ 6= j and, in the data,
we observed physician i choosing location j. Column four (five) is the ratio between column
two (three) and one.

In general, the model overestimates the number of physicians in capitals and metropolitan
areas and underestimates in the country side. Columns 4 and 5 suggest that on average the

34It is difficult to interpret the coefficients of the interaction with physician age because this variable has
small variance (see Section 3).

35Although these results may indicate that – observed – heterogeneity in physicians’ tastes for different
local attributes must be taken into consideration in our counterfactuals, an exercise in the next section
suggests that it is not a prominent factor underlying physicians’ distribution.

36Although the results are shown using ten aggregated regions, the correctly predicted frequencies were
calculated by assessing the 52 alternatives.
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model predicts correctly the locational choice of 58.3 percent of the physicians in our sample.
Notice that as choice sets have 52 alternatives, a model that randomly allocates physicians to
all possible locations would predict correctly the choice of approximately only 1.92 percent
(1/52) of the physicians in our sample.

6 Counterfactuals and Policy Analysis
This section reports the results of a series of counterfactual studies and discusses how these
exercises can inform the policy debate. Our main counterfactual question is: what types of
policies are more effective to reduce the regional imbalances in the geographic distribution
of physicians in Brazil? To answer this question we compare the effects of four policies on
the geographic distribution of physicians: financial incentives (increases in wages in poorer
areas), improvement of health infrastructure in underdeveloped regions, redistribution of
medical schools across the country, and affirmative action (quotas) according to place of
birth. We also quantify the importance of heterogeneity in physicians’ tastes – according to
the quality of medical schools – for different local attributes. We close the section discussing
policy implications of our results and calculating the cost-effectiveness of these different
policies.

6.1 Counterfactuals

To quantify the relative importance of each local or individual characteristic to the observed
geographic imbalance of physicians, we assess physicians choices when we homogenize each
characteristic across regions – i.e., we set the value of each variable to zero in all regions.37

We evaluate these different counterfactual distributions against the population share in each
region, shown in Table 9 column 1. We chose the population benchmark following the WHO
recommendation that a minimum of 2.3 health workers per thousand people are necessary
for the provision of basic health services (WHO, 2006).

Column 2 shows the predicted distribution of physicians according to our random coef-
ficient model with control function. The quadratic error of 0.59 depicts the baseline distri-
bution imbalance originated from our model relative to the population distribution.

Table 9 columns 3 to 7 present the geographical distribution generated by our counter-
factual scenarios. We first simulate physicians’ choice if the share of physicians place of birth
in each medical school was proportional to the population of each region. Column 3 shows

37Note that in discrete choice models only differences in utility matter, so homogenizing one characteristic
in all choices to zero or one would entail the same results.
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that this scenario would improve the distribution of physicians by more than 51 percent by
increasing the share of physicians choosing to work in the countryside, especially the North-
east countryside. Column 4 shows the counterfactual distribution if medical schools were
distributed across regions in proportion to the local population. The distribution of doctors
across the country would improve by 39 percent.

In the following counterfactuals, we level health infrastructure, amenities and wages
across the country. Table 9 column 5 shows that if health infrastructure was geographically
uniform, the distribution of physicians would improve by 24 percent. Analogously, column
6 shows that if local amenities were similar everywhere, doctors’ distribution would improve
by only 4 percent. These results suggest that while the quality of local amenities affects
physicians’ locational choice, health infrastructure seems to be a barrier to the recruitment
of physicians in poorer areas.

These counterfactuals also help to explain why the wage premium in impoverished areas
needs to be larger to compensate the other less desirable local traits or home biases. We find
that wage differentials contribute to improve the distribution of physicians. If real wages
were homogeneous countrywide, as in column 7, the distribution of physicians would be 13
percent worse than in the baseline distribution. In this scenario, the share of physicians in
the countryside, places that already pay a wage premium, would be even smaller than the
baseline distribution, and the concentration in state capitals of the South and Southeast
regions would be even larger.

Finally, to quantify the importance of (observable) taste heterogeneity on the geograph-
ical distribution of physicians, we make two counterfactuals. We simulate the geographic
distribution of physicians assuming that they have the same preferences as physicians grad-
uated from (i) the first and (ii) the last medical school in the universities ranking. The
mean quadratic error considering the tastes of graduates from the last ranked school is 0.61,
whereas the quadratic error considering the tastes of the graduates from the first school
is 0.64. This result seems to indicate that increasing/decreasing the quality of physicians’
training would not produce a major change in the distribution of physicians across the coun-
try.

6.2 Policy Analysis
We now discuss the effect and cost-effectiveness of four different policy counterfactuals. De-
spite the challenge involved in obtaining the monetary costs for these counterfactual policies,
we try to provide meaningful back-of-the-envelope calculations using the best information
available. The goal of this exercise is to have an internally consistent way to compare the
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cost-effectiveness of policies acting on different margins of physicians’ preferences.

6.2.1 Medical school quotas based on place of birth

Home bias seems to be quite important to explain physicians’ location decisions in Brazil.
Based on this evidence we first consider an affirmative action policy that sets quotas in
medical schools according to the fraction of the population living in each area of the country.
For example, if region A has 30% of the population and region B has 70%, then 30% (70%)
of the vacancies in all Brazilian medical schools would be allocated to students born in region
“A” (“B”). This policy could be implemented, for example, through a centralized admission
system resembling the Brazilian Unified Selection System (SISU) already in place.38

Note that as this policy does not change the location of medical schools, only the com-
position of their students, it is relatively cheap to be implemented.39

According to our counterfactual, this policy has a powerful result: implementing this
quota system would improve the distribution of physicians in the country by 51.5 percent –
see Table 9 column 3.

6.2.2 Targeted creation of new vacancies in medical schools

Now, we analyze how the distribution of physicians across the country would be affected
by the redistribution of medical schools towards regions lacking generalist physicians. As
we estimate sizable migration costs, such policy could help to keep physicians in a specific
area. We provide the cost-effectiveness of this policy when the policy is implemented through
expansion of vacancies in public universities or vouchers for private universities.

According to SIGRAS/INEP, there were on average 12,174 vacancies available each year
between 1996-2008, the period the physicians in our sample started medical school. The
federal government expanded the number of vacancies in public universities and extended
the number of government-funded scholarships for private colleges (FIES). As a result, from
2009-2016, there were on average 22,515 vacancies available in medical schools each year, an
increase of 10,341 vacancies/year relative to the previous period. Considering that around

38Machado and Szerman (2016) find that SISU enabled universities to attract more students from different
states, with no effect on registration or dropouts. In the United States, Fitzpatrick and Jones (2016) find
that merit aid programs targeted at state-born individuals increase the likelihood that residents live in their
home state after graduation.

39The main hidden cost of this type of policy is a potential loss in efficiency of the educational system
caused by a mismatch between school and student quality. Evidence on the effect of affirmative actions on
graduation rates and earnings are weak – Holzer and Neumark (2000) and Arcidiacono and Lovenheim (2016)
review the literature. Estevan et al. (2018) show that an affirmative action policy targeting underprivileged
students in Brazil did not distort the incentives of targeted applicants while still in high-school, as captured
by test performance or application decision.
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40.49 percent of physicians remain generalist, we conjecture in our model that 4,187 vacan-
cies/year were opened in the eight years subsequent the years we study. We create a scenario
where these 4,187 vacancies/year are opened in places with the lowest student-population
ratio. We add vacancies to each region in an interactive way as to guarantee that the regions
with the lowest student-population ratio receive new vacancies first.40

Table 10 column 3 present the counterfactual placement of physicians across regions under
this policy. It increases the share of physicians in the North and Northeast countryside by
more than 70 percent, attracting mostly physicians from the Northeast metropolitan areas
and from the Southeast countryside. As a result, we find that opening new university
vacancies in needy areas improve the distribution of physicians by 52.5 percent – it halves
the quadratic error between the difference of population and physicians distributions.

Considering the average cost of $13,796 for each undergraduate student in a public uni-
versity,41 the total cost of creating 10,341 federal vacancies would be $143 million.42 This
cost likely underestimates the real cost as it is based on the cost per student across all
courses, and medical school is one of the most expensive programs. To produce an upper
bound to the cost of such program, we can compute what would be the cost of the program
if supplied through vouchers to private universities. The average yearly tuition of private
medical schools in Brazil is around $32,295 per year.43 The cost of implementing this policy
using a voucher policy would be $334 million per year.

Thus, using the targeted expansion of vacancies in medical schools to improve the spatial
allocation of physicians by 1 percentage point would cost between 2.7 and 6.4 million per
year.

6.2.3 Improving health infrastructure in N/NE countryside

Our estimates suggest that physicians weigh the local health infrastructure when choosing
their work place. Analogous to the previous exercise, we consider a policy that improves
local health infrastructure, such as investing in X-ray machines, MRAs and other medical
and hospital equipment. To implement this counterfactual exercise we improve the health
infrastructure index by 50 percent in the countryside of the North and Northeast. The
counterfactual distribution of physicians resulting from this policy – shown in Table 10

40When we add a vacancy to one of the 52 alternatives, we randomly duplicate physicians graduated in
the region. If no physician graduated in the region (some areas have no medical school) we randomly select
a physician from the same region/CS or region/MR to duplicate (region here comprehends N, NE, SE, S,
and MW), changing their place of graduation to the one where we are adding a vacancy.

41Ministry of Education, MEC Technical Note No. 4/2018, page 13.
42We deflate all costs to BRL in 2010, and convert to USD using the exchange rate 1.779 BRL to USD

from January 2010.
43https://www.escolasmedicas.com.br/mensalidades.php accessed on February 21, 2019.
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column 4 – suggests that better infrastructure helps to attract 14 percent more physicians
to the targeted areas, improving the regional imbalance by 8.6 percent only.

Calculating the cost of such policy is challenging. Our strategy is to obtain the cost of
a 0.1 increase in the health infrastructure index. We focus on the Federal District (DF) to
avoid double counting in the way municipalities and states inform their public spending. We
quantify the improvement in the health infrastructure index over 2005-2012 and calculate
the total amount invested in health, excluding the wage bill.44 This accounts for fixed cost
investments in health infrastructures. However, improving infrastructures also increases the
variable operational cost of the public health system – new equipment needs additional
maintenance, and better service provision may increase demand. To capture these costs we
consider the amount spent in health investment as the fixed cost component, and the health
operational costs (i.e., the total cost minus expenses with personnel and investments) the
variable operational cost. Between 2005 and 2012, the Federal District’s health infrastructure
index increased 0.1855 for an investment of $248.1 million in health infrastructure (fixed
cost). During the same period health operational costs increased $95 million per year.
Splitting the fixed cost over this 7-year period, we calculate that the cost of improving the
health infrastructure by 0.1 in the period was $70.3 million per year.45

Based on these numbers, we calculate that this policy – i.e. an increase of 50 percent
in the infrastructure index of the North and Northeast regions – would cost $600 million
per year. Therefore, using investments in health infrastructure to improve one percentage
point in the distribution of physicians would cost $69.8 million per year, of which $50.8
million are due to increased operational costs and $19 million due to fixed costs. Note that
attracting more and better physicians is not the only consequence from improving health
infrastructure. Investing in clinics and hospitals infrastructure directly improves the quality
of health provision and probably health outcomes and, as a side effect, help recruiting doctors
to work in the region.

6.2.4 Increasing wages in N/NE countryside

Last, we consider a 50 percent bonus on wages for physicians that begin their first job in the
countryside of the North or Northeast. This is likely the most studied policy used to recruit
qualified personnel to underserved areas.46 The first two columns of Table 10 show the
population distribution (our benchmark) and the share of physicians who chose to work in

44Health expenditure data from the Information System on Public Budgets in Health (SIOPS).
45This calculation overestimates the annual cost of the policy by effectively assuming that the new infras-

tructure fully depreciates in this 7-year period.
46E.g., Dal Bo et al. (2013); Andreassen et al. (2013); Kennan and Walker (2011); Ashraf et al. (2016);

Finan et al. (2017).
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each region according to our original model. Column 5 shows the counterfactual placement
of physicians under the wage bonus scheme. Consistent with the own wage elasticities shown
in Table 7, a 50 percent wage increase attracts about 26 percent more physicians to these
regions, and therefore improves the national allocation of generalists by around 13.4 percent.
Note that such policy would reduce the number of physicians in other underserved areas.

The status quo wage bill of physicians in these areas is around $2,490 million per year
– considering 40 hours per week work contracts.47 The 50 percent bonus would increase
the wage bill on $144 million per year. This means that such wage incentive scheme would
would cost about $10.7 million for each percentage point improvement in the distribution of
physicians.

7 Conclusion
We exploit revealed preferences of all generalist physicians graduated in Brazil between 2001
and 2013 to estimate physicians’ practice location preferences using a random coefficients
discrete choice model. We have detailed information on physicians characteristics – includ-
ing the quality of the school from which they graduated –, practice location choices and
attributes of these choices. Our estimates indicate that physicians tend to stay in the same
area as where they were born or completed medical school. These two types of geographic
biases are much more important to explain physicians’ location choice than wages, quality
of health infrastructure and amenities. In particular, our estimates indicate that physicians
are inelastic to wages. This result may explain why programs purely based on financial
incentives often struggle to attract physicians to underserved areas.

We take advantage of the structural model to simulate the effects of different policies on
the geographic distribution of physicians in Brazil. Our back-of-the-envelope cost calcula-
tions suggest that policies exploiting physicians’ home bias and place of graduation bias are
the most cost-effective. Affirmative action policies in the form of quotas on student enroll-
ment aimed at increasing the proportion of students born in underserved areas in medical
schools appear to greatly improve the geographic distribution of physicians at little cost.
The opening of new vacancies in medical schools in areas lacking generalist physicians is also
cost-effective. Offering even larger wage premiums for doctors in needy areas also appears
to be effective, but at a much higher annual cost than the two previous policies.

47Data from RAIS, considering generalist physicians below 35 years old.
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Figure 1: Physicians in Capitals and Countryside by State (per 1,000 people)
This graph presents the number of physicians per 1,000 people in 2014 in capitals (in blue) and countryside
(in gray) by state. Data is from the Federal Council of Medicine-CFM (Scheffer et al., 2015) and the Brazilian
Institute of Geography and Statistics (IBGE).
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Figure 2: Access to Healthcare and Health Outcomes
This figure shows health access indicators and health outcomes in the rural and urban areas of Brazil.
Figure (a) has information on access to doctors, showing the percentage of inhabitants that did not have any
appointment in the past year and the time (in minutes) patients have to wait in line to be examined by a
doctor. Figure (b) depicts information related to infants’ health, showing first the proportion that had their
first visit to the doctor more than 30 days after birth, then the percentage of mothers that had less than 7
prenatal care visits and, last the infant mortality. Figure (c) shows the percentage of men with more than 50
years that did not do a Digital Rectal Exam and the prostate cancer mortality rate. Figure (d) depicts the
percentage of the population that did not do a blood glucose test in the past three years and the proportion
of the population that was hospitalized because of diabetes. Data related to mortality comes from Datasus.
The others are from the 2013 National Health Survey (PNS).

32



0

.1

.2

.3

.4

.5

0

.1

.2

.3

.4

.5

ES RS SC MG PE RJ PR GO PB SE SP RN BA AL PI MT PA CE MS TO MA RO RR AM AC AP DF

ES RS SC MG PE RJ PR GO PB SE SP RN BA AL PI MT PA CE MS TO MA RO RR AM AC AP DF

Metropolitan Region and Capital

Countryside

Job Vacancies Brazilian Physicians

Jo
b 

V
ac

an
ci

es
 / 

10
00

 p
eo

pl
e

Figure 3: Job Vacancies from Mais Médicos Program and Positions Filled by Brazilians (per
1,000 people)
This graph presents the number of job vacancies created by the Mais Médicos Program (in blue) from the
Federal Government and the number of Brazilian physicians that filled the open positions (in gray) per 1,000
people. The upper panel shows these figures in metropolitan regions across states, and the bottom panel
shows the numbers in the countryside across state. Note that, as we explain in the text, SC and DF only
have metropolitan region. Data from Ministry of Health, July 2013 to July 2014.

33



Table 1: Descriptive Statistics

(%) Generalists Regions’ Attributes (2001-2012)
Work Medschool Birth Physicians’ Health Infra Health Amenity Generalists’

Region Region Region Ratio Index Insurance (%) Index Avg. Wage/hr
(1) (2) (3) (4) (5) (6) (7) (8)

North
Metro. Reg 3.30 8.05 3.73 1.11 -0.10 11.54 0.05 10.14

(0.24) (0.65) (5.29) (0.49) (6.01)
Countryside 2.92 0.14 1.75 0.40 -1.01 1.76 -0.36 18.41

(0.12) (0.42) (1.55) (0.35) (15.06)
Northeast

Metro. Reg 12.26 17.93 13.20 1.46 0.35 16.86 -0.36 18.14
(0.41) (0.67) (6.28) (0.38) (8.31)

Countryside 8.20 0.72 7.38 0.48 -0.96 2.44 -0.61 26.31
(0.10) (0.28) (1.36) (0.25) (9.69)

Southeast
Metro. Reg 30.44 27.19 27.14 2.02 0.84 37.53 0.39 9.28

(0.28) (0.53) (6.44) (0.47) (4.76)
Countryside 21.59 27.92 24.75 1.37 0.52 18.68 0.67 18.84

(0.32) (0.69) (6.56) (0.45) (8.67)
South

Metro. Reg 9.97 10.49 7.96 1.71 0.65 25.49 0.81 10.25
(0.35) (0.45) (6.65) (0.39) (3.59)

Countryside 3.93 2.86 5.87 1.01 0.31 9.61 0.52 19.80
(0.22) (0.46) (2.47) (0.31) (4.64)

Midwest
Metro. Reg 3.99 4.42 4.64 1.97 1.41 21.54 0.59 14.04

(0.44) (0.77) (4.42) (0.52) (8.95)
Countryside 3.41 0.28 3.58 0.75 -0.10 7.51 0.28 27.57

(0.06) (0.27) (3.11) (0.42) (17.58)
Brazil

1.13 0.00 13.39 0.00 17.72
(0.62) (0.93) (11.27) (0.62) (11.47)

This table shows the summary statistics of the main variables and data used in this study. Our sample
consists of 46,989 generalist physicians that graduated from 2001 and 2013. Column 1 presents their decision
of practice location right after graduating. Columns 2 and 3 display where they finished the medical school
and where they were born. The average age upon graduation is 25.7 with a standard deviation of 3. 52.3%
are men. Medical schools were ranked in 2013 by the newspaper Folha de São Paulo (range from 1 to 183).
Columns 4 through 9 show the regions’ attributes, with indexes constructed using the KKL method. We
detail the variables in Section 3. Column 4 and 5 show the ratio of physicians per 1,000 people and the
health infrastructure index. Columns 6 shows the percentage of the population that has health insurance.
Column 7 show the amenity index, which encompasses education, entertainment, transportation, violence,
local GDP per capita, and public investment. Column 8 shows the average hourly wage generalists up to 35
years old receive in each region, multiplied by a living cost index that ranges from 0 to 1.
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Table 2: Physicians choice given place of birth and medical school region

Metropolitan Regions Countryside
N NE SE S MW N NE SE S MW
(1) (2) (3) (4) (5) (6) (7) (8) (9) (10)

Panel A. Birth Region
N 47.32 4.90 13.23 2.00 1.82 21.84 3.42 2.85 0.80 1.82
NE 1.56 64.91 6.32 0.74 1.16 1.37 21.46 1.77 0.16 0.53
SE 0.95 1.84 74.10 2.80 1.00 0.87 1.73 15.26 0.67 0.78
S 0.64 0.91 5.78 74.06 0.86 0.96 1.02 3.48 10.83 1.47

Metropolitan
Regions

MW 3.53 3.12 11.46 3.71 45.16 3.71 2.84 7.93 0.92 17.61
N 19.61 4.14 8.28 3.65 4.51 44.21 4.26 5.85 1.71 3.78
NE 1.27 32.02 5.80 0.46 1.01 1.87 53.01 3.78 0.12 0.66
SE 0.83 0.81 26.91 2.19 1.53 1.05 1.60 61.94 0.95 2.19
S 1.38 1.45 5.94 36.59 1.52 1.49 1.52 4.75 41.81 3.55

Countryside

MW 3.81 1.90 11.85 4.94 19.88 5.18 2.44 13.10 1.67 35.24

Panel B. Medical School Region
N 34.36 4.97 10.62 1.64 4.70 24.63 7.58 3.83 1.22 6.45
NE 0.80 59.94 3.61 0.78 0.62 1.72 29.98 1.09 0.53 0.94
SE 0.47 1.21 72.18 1.33 0.73 0.59 2.47 19.55 0.45 1.02
S 0.49 1.05 4.60 72.62 0.65 0.73 1.74 2.41 14.12 1.58

Metropolitan
Regions

MW 1.06 2.17 6.55 2.02 53.25 2.17 2.65 5.01 1.98 23.13
N 4.55 3.03 3.03 1.52 4.55 65.15 1.52 1.52 1.52 13.64
NE 0.30 25.52 1.78 0.89 0.00 0.00 69.44 1.19 0.00 0.89
SE 0.54 1.33 30.05 2.50 2.72 0.70 2.62 54.40 1.42 3.71
S 0.30 0.45 3.94 31.75 1.34 0.37 0.37 2.53 56.73 2.23

Countryside

MW 0.00 0.00 7.52 3.01 27.07 0.75 0.00 7.52 6.77 47.37

This table describes practice location choices of physicians born and graduated in different regions of the
country. In Panel A, each cell (i, j) in the table has the fraction of physicians born in region i (row) –
metropolitan areas (including capitals) and countryside for the 5 Brazilian geographic regions – that decided
to work in region j (column). Analogously, in Panel B rows indicate the region physicians did medical school
(rows) and their practice location choices (columns). Rows sum to 100.
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Table 3: Control Function First Stage

Estimates
(1)

Constant 0.016
(0.030)

Health Infrastructure -0.060
(0.052)

Physicians Ratio 0.018
(0.102)

Health Insurance 0.013
(0.072)

Amenity Index 0.073
(0.047)

Health Infra Instrument 0.212**
(0.095)

Physicians Ratio Instrument -0.479***
(0.139)

Health Insurance Instrument 0.062
(0.094)

Amenity Index Instrument 0.302*
(0.157)

Observations 676
F-Statistics 78.97

This table displays the control function first stage. Regression includes region and year dummies. Robust
standard deviations are in parenthesis. *** p<0.01, ** p<0.05, * p<0.1.
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Table 4: Preference Estimates – Regions’ Characteristics

Multinomial Multinomial Random Random
Logit Logit with Coefficients Coefficients with

Control Function Control Function
(1) (2) (3) (4)

Physicians Ratio 0.341 0.522 0.734 1.042
(0.536) (0.540) (0.706) (0.717)

× Male -0.303 -0.306 -0.301 -0.306
(0.188) (0.188) (0.247) (0.247)

× Age -0.368 -0.356 -1.549** -1.542**
(0.580) (0.580) (0.759) (0.759)

× Medschool Rank -0.107 -0.105 -0.379 -0.363
(0.322) (0.322) (0.416) (0.416)

Health Infrastructure 2.291*** 2.483*** 2.878*** 3.081***
(0.500) (0.504) (0.670) (0.675)

× Male -0.093 -0.090 -0.105 -0.100
(0.182) (0.182) (0.248) (0.248)

× Age -0.845 -0.850 0.145 0.141
(0.547) (0.547) (0.736) (0.736)

× Medschool Rank -0.314 -0.312 -0.291 -0.304
(0.310) (0.310) (0.415) (0.415)

Health Insurance 0.174 0.022 0.249 0.058
(0.371) (0.375) (0.490) (0.496)

× Male -0.247** -0.245** -0.300** -0.298**
(0.102) (0.102) (0.127) (0.127)

× Age -1.621*** -1.630*** -1.529*** -1.533***
(0.323) (0.323) (0.404) (0.404)

× Medschool Rank 1.126*** 1.124*** 1.986*** 1.978***
(0.175) (0.175) (0.215) (0.215)

Amenity Index 0.783*** 0.654** 1.311*** 1.100***
(0.271) (0.275) (0.356) (0.366)

× Male 0.139 0.138 0.246** 0.244**
(0.091) (0.091) (0.120) (0.120)

× Age 0.067 0.068 0.005 0.007
(0.273) (0.273) (0.357) (0.357)

× Medschool Rank -0.466*** -0.463*** -1.045*** -1.039***
(0.151) (0.151) (0.199) (0.199)

Avg Hourly Wage -0.394* 2.673** -0.784*** 2.788*
(0.231) (1.147) (0.291) (1.485)

× Male 0.216 0.215 0.438** 0.436**
(0.137) (0.137) (0.173) (0.173)

× Age -0.898** -0.899** -0.969** -0.965**
(0.393) (0.393) (0.483) (0.483)

× Medschool Rank 0.381* 0.384* 0.567** 0.562**
(0.225) (0.225) (0.282) (0.282)

Region Unobs -2.327*** -2.740**
(0.853) (1.099)

This table displays the preference estimates for a standard and random coefficients logit, both with and
without a control function. Sample size: 46,989. Respective log likelihoods: -82399.53, -82395.80, -78976.27
and -78972.99. Standard deviations are in parenthesis. *** p<0.01, ** p<0.05, * p<0.1. Point estimates
using 150 simulation draws. All columns include alternative-specific dummies and region-specific year trends.
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Table 5: Preference Estimates – Physicians’ Place of Birth and Medical School Region

Multinomial Multinomial Random Random
Logit Logit with Coefficients Coefficients with

Control Function Control Function
(1) (2) (3) (4)

Birth Metrop Region 1.752*** 1.751*** 2.534*** 2.534***
(0.051) (0.051) (0.099) (0.099)

× Male -0.084** -0.083** -0.260*** -0.260***
(0.040) (0.040) (0.075) (0.075)

× Age 0.290** 0.292** 0.137 0.141
(0.127) (0.127) (0.233) (0.233)

× Medschool Rank 1.306*** 1.307*** 1.168*** 1.169***
(0.066) (0.066) (0.123) (0.123)

Birth Countryside Region 3.100*** 3.100*** 2.842*** 2.841***
(0.050) (0.050) (0.133) (0.133)

× Male 0.083** 0.083** 0.197** 0.196**
(0.038) (0.038) (0.099) (0.099)

× Age -0.263** -0.262** -1.122*** -1.118***
(0.110) (0.110) (0.299) (0.299)

× Medschool Rank 0.036 0.036 0.813*** 0.815***
(0.063) (0.063) (0.170) (0.171)

Medschool Metrop Region 3.723*** 3.723*** 4.997*** 4.998***
(0.046) (0.046) (0.084) (0.085)

× Male -0.169*** -0.169*** -0.455*** -0.456***
(0.036) (0.036) (0.064) (0.064)

× Age 0.625*** 0.624*** 0.156 0.155
(0.107) (0.107) (0.184) (0.184)

× Medschool Rank -0.425*** -0.425*** -0.548*** -0.548***
(0.061) (0.061) (0.108) (0.108)

Medschool Countryside Region 1.726*** 1.727*** 2.823*** 2.824***
(0.074) (0.074) (0.096) (0.096)

× Male -0.143*** -0.143*** -0.162** -0.161**
(0.052) (0.052) (0.064) (0.064)

× Age 1.152*** 1.151*** 0.769*** 0.766***
(0.161) (0.161) (0.198) (0.198)

× Medschool Rank -0.008 -0.009 0.123 0.125
(0.098) (0.098) (0.125) (0.125)

This table displays the preference estimates for a standard and random coefficients logit, both with and
without a control function. Sample size: 46,989. Respective log likelihoods: -82399.53, -82395.80, -78976.27
and -78972.99. Standard deviations are in parenthesis. *** p<0.01, ** p<0.05, * p<0.1. Point estimates
using 150 simulation draws. All columns include alternative-specific dummies and region-specific year trends.
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Table 6: Preference Estimates – Interaction Term βu

Random
Random Coefficients with

Coefficients Control Function
(1) (2)

Birth Metrop Region 3.121*** 3.119***
(0.081) (0.081)

Birth Countryside Region 4.827*** 4.831***
(0.146) (0.147)

Medschool Metrop Region 2.3*** 2.305***
(0.102) (0.102)

Medschool Countryside Region 0.437 0.424
(0.304) (0.314)

Physicians Ratio 0.067 0.063
(0.139) (0.139)

Health Infrastructure 0.023 0.024
(0.126) (0.126)

Health Insurance 0.046 0.043
(0.106) (0.106)

Amenity Index 0.012 0.012
(0.075) (0.075)

Avg Hourly Wage 0.258 0.207
(0.396) (0.388)

Region Unobs 0.507
(0.711)

This table displays the preference estimates for a random coefficients logit with and without a control
function. Sample size: 46,989. Respective log likelihoods: -78976.27 and -78972.99. Standard deviations are
in parenthesis. *** p<0.01, ** p<0.05, * p<0.1. Point estimates using 150 simulation draws. All columns
include alternative-specific dummies and region-specific year trends.
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Table 7: Wage Elasticities

States
Metrop. Regions Countryside
Own Cross (Min) Own Cross (Min)
(1) (2) (3) (4)

RO 0.127 -0.016 0.656 -0.083
AC 0.294 -0.036 0.259 -0.031
AM 0.348 -0.046 0.914 -0.127
RR 0.427 -0.053 0.465 -0.053
PA 0.241 -0.030 0.771 -0.095
AP 0.167 -0.019 0.184 -0.022
TO 0.559 -0.068 0.616 -0.073
MA 0.480 -0.063 0.554 -0.067
PI 0.860 -0.110 0.756 -0.098
CE 0.616 -0.077 1.234 -0.156
RN 0.380 -0.047 0.687 -0.085
PB 0.569 -0.068 0.946 -0.114
PE 0.508 -0.061 0.656 -0.079
AL 0.546 -0.065 0.622 -0.077
SE 0.689 -0.078 0.866 -0.109
BA 0.424 -0.055 0.914 -0.115
MG 0.448 -0.058 0.722 -0.097
ES 0.334 -0.042 0.701 -0.087
RJ 0.134 -0.017 0.241 -0.028
SP 0.166 -0.019 0.620 -0.080
PR 0.402 -0.051 0.705 -0.089
SC 0.306 -0.039 - -
RS 0.214 -0.027 0.500 -0.062
MS 0.846 -0.103 0.643 -0.081
MT 0.310 -0.038 0.720 -0.088
GO 0.423 -0.052 1.447 -0.162
DF 0.186 -0.023 - -

This table shows own and the minimum cross wage elasticity for each alternative in our model. The lowest
cross elasticities are associated to the metropolitan regions of RJ and SP and the countryside of MG.
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Table 8: Model Fit – Actual and Predicted Frequencies

Actual Predicted Correctly % Correctly % Predictions
Frequency Frequency Predicted Predicted (3/1) Correct (3/2)

(1) (2) (3) (4) (5)

Metropolitan
Regions

N 1,552 1,626 748 48.2 46.0
NE 5,759 6,449 3,857 67.0 59.8
SE 14,303 15,460 10,060 70.3 65.1
S 4,683 5,363 3,355 71.6 62.6
MW 1,874 1,810 872 46.5 48.2

Countryside

N 1,374 691 283 20.6 41.0
NE 3,854 2,689 1,321 34.3 49.1
SE 10,143 9,889 5,705 56.2 57.7
S 1,845 1,651 771 41.8 46.7
MW 1,602 1,361 437 27.3 32.1

Total 46,989 46,989 27,409 58.3 58.3

This table shows prediction tests using the estimated parameters. The predictions are obtained by assuming
each physician chooses the region that has the highest predicted probability. Although the results are
shown using ten aggregated regions, the correctly predicted frequencies were calculated by assessing the 52
alternatives. Specification used: random coefficients logit with control function. Sample size: 46,989. 10,000
draws were taken from the normal distributions estimated to evaluate the choice of each physician.
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Table 9: Counterfactual Physicians’ Distribution

Counterfactuals (%)
Population Predicted Birth Medschool Homog. Homog. Homog.

Distrib. (%) Distrib. (%) Region Region Health Infra Amenity Wage
(1) (2) (3) (4) (5) (6) (7)

N 3.55 3.29 2.50 2.21 3.38 3.35 3.56
NE 12.09 12.04 10.28 9.72 11.50 12.72 11.98
SE 24.98 30.84 31.95 31.88 26.79 30.01 33.75
S 8.54 9.79 9.99 8.90 8.69 9.26 10.40

Metropolitan
Regions

MW 3.32 3.96 3.36 3.69 2.72 3.81 4.23
N 4.51 2.94 3.97 3.75 5.83 3.44 2.60
NE 15.77 7.87 11.07 11.38 13.19 9.25 6.32
SE 17.39 21.49 19.04 19.25 19.74 20.59 20.52
S 5.99 4.10 4.05 4.78 3.90 3.96 3.89

Countryside

MW 3.87 3.66 3.78 4.45 4.27 3.60 2.74
Quadratic Error 0.59 0.29 0.36 0.45 0.57 0.67
% Reduction in

Imbalance 51.54 38.62 23.62 4.11 -13.02

This table displays the counterfactuals performed to assess how each factor contributes to physicians’ decision
and to reduce their imbalance across the country. The model used was the random coefficients with a control
function, and 150 draws were taken from the normal distributions estimated to evaluate physicians’ choices in
each situation. Column (1) shows the population distribution (the optimum benchmark to be achieved) and
Column (2) where physicians chose to work according to our original model. The following two columns show
the counterfactual distribution of generalists if: (3) each medical school implemented an affirmative policy
in which their admissions would also consider candidates birthplace and try to match it to the population
distribution; and (4) the medical schools were redistributed such that the proportion of physicians graduating
in each region mirrored the population distribution. The last three columns detail how the distribution of
generalists would be if: (5) health infrastructure, (6) amenities, and (7) wages were homogeneous across the
whole country. The quadratic error indicates how far the distributions originated from the policy simulations
are from the population one. Bellow, there is the percentage reduction in imbalance each counterfactual would
produce relative to the predicted distribution quadratic error.
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Table 10: Cost-Effectiveness Analysis

Counterfactuals (%)
Population Predicted New Medschool Infra x1.5 Wage x1.5

Distrib. (%) Distrib. (%) Vacancies (N/NE CS) (N/NE CS)
(1) (2) (3) (4) (5)

N 3.55 3.29 2.17 3.22 3.15
NE 12.09 12.04 9.89 11.81 11.61
SE 24.98 30.84 29.27 30.39 29.93
S 8.54 9.79 8.82 9.64 9.49

Metropolitan
Regions

MW 3.32 3.96 3.94 3.88 3.81
N 4.51 2.94 6.38 3.34 3.70
NE 15.77 7.87 12.14 9.01 10.14
SE 17.39 21.49 17.63 21.14 20.78
S 5.99 4.10 4.01 4.02 3.94

Countryside

MW 3.87 3.66 5.76 3.55 3.44
Quadratic Error 0.59 0.28 0.54 0.51
% Reduction in

Imbalance 52.47 8.56 13.42

Cost (1,000 USD) per % [2,718 ; 6,362]Reduction in Imbalance 69,811 10,724

This table displays the cost-benefit of different policy simulations. The first two columns show the population
distribution (the optimum benchmark to be achieved) and where physicians chose to work according to our
original model. Column (3) shows how the distribution of physicians would be if the 4,187 new medical school
vacancies created after 2009 had been created in a way to approximate the distribution of students to the
population distribution. The last two counterfactual columns detail how the distribution of physicians would
be if (4) wages and (5) health infrastructure in the North and Northeast countrysides increased by 50%.
The quadratic error indicates how far the distributions originated from the policy simulations are from the
population one. Bellow, there is the percentage reduction in imbalance each counterfactual would produce
relative to the predicted distribution quadratic error. The last row shows the cost incurred in each policy for
a 1% reduction in imbalance. The lower bound cost of opening new medical school vacancies were calculated
considering the average cost of $13,796 for each undergraduate student in a public university. To produce
an upper bound we used the average yearly tuition of private medical schools in Brazil, which was around
around $32,295 per year. To calculate the health infrastructure cost we compared how much the Federal
District of Brazil spent in investment and operational costs (excluding expenses with personnel) with the
improvement in its health infrastructure index over 2005-2012 using data from the National Treasury. This
same ratio of expenses per increase in health infrastructure was used to estimate the cost a 50% improvement
in the N and NE countryside would entail. The cost of an increase in wages is straightforward. All costs are
in 2010 USD.
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Appendix (for online publication only)

A Demand Side Model
Alternatively we consider two different formulations for the demand model. Later we esti-
mate and solve the these models and compare the fitting of them to the fitting of our baseline
model.

Our first model assumes that hospitals in location j choose the wage rate they are going
to offer to physicians at period t, yjt, in order to maximize a simple welfare function subject
to a budget constraint. Mathematically the problem is written as:

max
yjt

(pjt − yjt)Ljt (yjt,y−jt)

s.t. yjt · Ljt (yjt,y−jt) ≤ R̄jt,

where, Ljt (yjt,y−jt) is the demand of physicians in location j, period t, which depends
on the wage rate offered at that location/period and the wage rate offered in all other
locations, y−jt, and R̄jt is the maximum amount of public resources that may be used to
hire new physicians in that location/period. We interpret pjt as the marginal value in R$
that public administrators in location j, period t, attribute to a physician working in that
location/period.

The first order condition of this problem gives rise to the following equation:

pjt

1 + λjt
=

[
Ljt (yjt,y−jt)
L̃jt (yjt,y−jt)

+ yjt

]
, ∀j, t, (8)

where λjt ≥ 0 is the Lagrange multiplier associated to the budget constraint and L̃jt (yjt,y−jt)
is the derivative of Ljt (yjt,y−jt) with respect to yjt. As the elements on the right hand side
of this equation can be obtained from our data, this equation can be used to identify pjt

1+λjt
.

These estimates give us the lower bound of the marginal benefit generated by a physician in
each location/year. However, pjt and λjt cannot be independently identified from the data
without strong assumptions – see Verboven (1996). Identifying pjt and λjt independently is
necessary to subsequently solve the model and perform counterfactuals.

In light of this identification problem, our first demand model assumes that λjt = 0 for
all j and t – i.e. the budget constraint is not binding in all regions/years. Then the vector
of equilibrium wages for each region at year t is the solution of the system of the J first
order conditions. This is a simple oligopsony model where public administrators of different
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regions compete against each other for the supply of physicians in order to maximize a given
welfare function.

Alternatively, our second demand model assumes that the budget constraint is always
binding for all locations. Wages are set to satisfy the budget constraints at each loca-
tion/year. Equilibrium wages are obtained by solving, for each year, the system of J budget
constraints, yjt · Ljt (yjt,y−jt) = R̄jt. This model reflects the well known fact that the lack
of public resources is an important constraint to investment in public health.

Table A1: Demand Models

Zero Elasticity Budget Constraint Oligopsony
Actual Predicted % Correctly Predicted % Correctly Predicted % Correctly

Distrib. (%) Distrib. (%) Predicted Distrib. (%) Predicted Distrib. (%) Predicted
(1) (2) (3) (4) (5) (6) (7)

Metropolitan
Regions

N 3.3 3.5 48.2 3.5 48.3 1.5 26.4
NE 12.3 13.7 67.0 13.9 67.1 7.0 42.9
SE 30.4 32.9 70.3 32.7 70.3 22.4 54.4
S 10.0 11.4 71.6 11.4 72.4 2.4 20.8
MW 4.0 3.9 46.5 3.9 46.0 0.2 2.7

Countryside

N 2.9 1.5 20.6 1.5 21.1 0.0 0.9
NE 8.2 5.7 34.3 5.6 33.8 65.3 11.1
SE 21.6 21.0 56.2 21.4 57.3 1.1 3.6
S 3.9 3.5 41.8 3.5 42.3 0.0 0.0
MW 3.4 2.9 27.3 2.7 27.1 0.0 0.0

Total 58.3 58.4 26.6

This table shows the model performance when we consider three different types of demand for physicians:
(1) zero elasticity, (2) all governments being budget constrained and (3) all governments being part of an
oligopsony. The predictions are obtained by assuming each physician chooses the region that has the highest
predicted probability. Although the results are shown using ten aggregated regions, the correctly predicted
frequencies were calculated by assessing the 52 alternatives. Sample size: 46,989. 10,000 draws were taken
from the normal distributions estimated to evaluate the choice of each physician. The oligopsony is still
running and has not converged yet. The results shown above are very preliminary.
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B Health Provision and Health Outcomes
This subsection provides descriptive evidence on the correlation between health provision and
health outcomes in Brazil. Figure 2 tabulates a few measures of access to healthcare and
health outcomes in rural and urban areas in Brazil from Pesquisa Nacional de Saúde (PNS)
and the Mortality Information System (SIM/Datasus). Figure 2a shows that those living in
rural areas are about 38 percent more likely to not have been to a Doctor’s appointment in
the last 12 months than those living in urban areas. Figure 2b indicates that infants in rural
areas are about 20 percent less likely to visit the Doctor in the first 30 days of life, and about
50 percent more likely to not have gone through seven prenatal care visits (the recommended
by the Brazilian Ministry of Health) than infants in urban areas. This difference relates to
higher infant mortality rates in rural areas. Figures 2c and 2d also point that men over
50 years oldin rural areas are more likely to stay more than three years without a DRE
exam (rectal examination), and that people in these areas are more likely to have more than
three years since the last blood glucose exams than those in urban areas. These exams are
important for early detection of prostate cancer and diabetes, respectively, and lower access
may be one factor underlying the higher prostate cancer mortality rate and hospitalization
because of diabetes in rural areas than in urban ones.

While the descriptive evidence from Figure 2 suggest that rural areas tend to have lower
access to healthcare and worse related health outcomes than in urban areas, we cannot infer
any causal relationship from them. To get finer evidence on the relationship between the
presence of Doctors and local health outcomes, we correlate the number of physicians per
capita and infants’ health outcomes across Brazilian municipalities between 2005 and 2016
using a linear regression model in Table A2. The table presents three indicators of infants
and women health outcomes: share of infants born with less than seven prenatal care visits
in Panel A, infant mortality rate in Panel B, and maternal mortality rate in Panel C. All
regressions include a constant and year fixed effects.

We derive some stylized facts from this exercise. First, we find a positive correlation
between physicians per capita in a given municipality-year and infants/mothers’ health out-
comes. Column 1 presents the raw correlations which are statistically significant at one
percent for our three variables. Column 3 show that these correlations do not disappear or
loose statistical significance when add state fixed effects and compare municipalities within
states. Second, this correlation does not seem to come from a rural versus urban compar-
ison. Columns 2 and 4 show that adding a countryside fixed effect almost do not affect
the point estimates of the correlations between the number of doctors and health outcomes
estimated in columns 1 and 3, respectively. The relationship gets weaker, however, when we
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add municipality fixed effects in Column 5. This may be driven by other local characteristics
relevant for infants’ health but also by small variation in the number of physicians within
underserved municipalities over the decade.

Table A2: Reduced Form Motivation

Dependent variables indicated in each panel
(1) (2) (3) (4) (5)

Panel A. Dep.var.: Infant born with less than 7 prenatal care visits (%)
Physicians p.c. -5.44*** -5.33*** -2.57*** -2.53*** -0.64***

(0.31) (0.31) (0.23) (0.23) (0.23)

Panel B. Dep.var.: Infant mortality rate
Physicians p.c. -0.97*** -0.94*** -0.61*** -0.59*** 0.16

(0.11) (0.11) (0.11) (0.11) (0.30)

Panel C. Dep.var.: Maternal mortality rate
Physicians p.c. -8.51*** -8.35*** -7.02*** -7.11*** -0.95

(1.42) (1.43) (1.47) (1.49) (4.41)

Countryside FE Yes
State FE Yes
State-Countryside FE Yes
Municipality FE Yes

This table presents the results of OLS regressions using different specifications and dependent variables as
indicated in each panel and column. Unit of observations municipality-year (N= 61,211), between 2005 and
2016. All regressions include a constant, year fixed effects, and state-region trends. Dependent variable in
Panel A is the percentage of infants born that had less than 7 prenatal visits during gestation, in Panel
B is the infant mortality rate (per 100,000 live births), and in Panel C is the mortality rate of mothers
during delivery (per 100,000 live births). Mean dependent variables: 39.8 (Panel A), 15.1 (Panel B), and
60.7 (Panel C). Each column present results from a different specification: column 2 includes a fixed effect
for municipalities in the countryside (i.e., outside the capital or metropolitan areas), column 3 includes state
fixed effects, column 4 includes state-countryside fixed effects, and column 5 includes municipality fixed
effects. Standard errors clustered by municipality (5,565 clusters) in parentheses. *** p<0.01, ** p<0.05, *
p<0.1.
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C Supplementary Tables and Descriptive Evidence
This appendix provides supplementary tables and evidence that complement Section 3. Table
A3 shows that physicians in our sample (matched) are similar to those physicians we lose
when matching the different data sources (not matched). Figure A1 and Table A4 display
the living costs we use (see Appendix E for details). Table A5 presents the transition matrix
of physicians’ practice location choice just after graduation and practice location 5 years
later.

We estimate some correlations between local attributes and the geographic distribution
of physicians in Brazil by regressing

yjt = α + βXjt−1 + γj + δj × t+ εjt (9)

where yjt is the number of new generalist physicians (per 1,000 people) that chose their first
job in state-region j (i.e., metropolitan areas or countryside) in year t, Xjt is a vector of
local covariates in year t− 1, γj is state-region fixed effects, and δj are state-region specific
trends. We estimate this equation with and without population weights. To account for
potential endogeneity of wages and filled job positions, we also instrument local wages using
local characteristics in the neighboring regions – we describe the instrument in greater detail
in section 4.3.48

The first five columns of Table A6 present the OLS estimates. We see that higher wages
are positively associated with the number of physicians starting to work in the area. The
estimates also show that other local characteristics influence the number of physicians choos-
ing to go to the area. As columns 3 and 4 show, better local amenities, health infrastructure
and the percent of medical school generalist students graduating in that area contributes
to attract more new graduates to that region – both across and within state-region.49 The
results from the specification without population weights (column 5) is qualitatively similar.

Our instrumental variables estimates – shown in Table A6 columns 6 to 10 – tell a similar
story. Again, local characteristics play an important role in physicians choice. While the
specification with no local controls suggests that higher wages attract fewer physicians, this
relationship changes when we account for local fixed characteristics (column 7) or when we
control for other local time-varying characteristics (column 8 to 10). The coefficients asso-
ciated with these local characteristics have roughly similar magnitude in the instrumented
and OLS specifications. The coefficient attached to wages, instead, increases substantially

48These are the same type of instruments as proposed in Berry et al. (1995). See also Nevo (2000) and
Petrin and Train (2010).

49As discussed above, the negative coefficient of the stock of physicians per capita suggest that physicians
avoid areas with greater competition.
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in comparison to the OLS coefficients. This finding suggests that wages are negatively cor-
related with unobserved local attributes: places with better unobservable characteristics can
attract more physicians paying relatively lower wages.

Differently from the linear regression shown above, the structural model in the paper
accounts for both local and individual characteristics, preference heterogeneity and spatial
correlation across locations. As it will be shown in the following sections, these elements are
important determinants of physicians’ locational choices.
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Figure A1: 2010 Living Cost Index
This graph presents our 2010 living cost estimates for each state/(countryside or metropolitan
region & capital) using the 2010 Census. We chose the Federal District as the omitted
state in the regressions, so its index is zero.
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Table A3: Physicians Lost During Merge process - Mean Difference

Matched Not Matched Difference p-value
(1) (2) (3)

Birth Region (%)
MR N 3.73 3.77 0.000
MR NE 13.20 11.56 0.016
MR SE 27.14 36.16 -0.090
MR S 7.96 9.81 -0.019
MR MW 4.64 5.57 -0.009
CS N 1.75 1.12 0.006
CS NE 7.38 3.67 0.037
CS SE 24.75 19.57 0.052
CS S 5.87 6.11 -0.002
MR MW 3.58 2.67 0.009
Medschool Region (%)
MR N 8.05 5.32 0.000
MR NE 17.93 15.89 0.020
MR SE 27.19 32.16 -0.050
MR S 10.49 12.22 -0.017
MR MW 4.42 4.91 -0.005
CS N 0.14 0.01 0.001
CS NE 0.72 0.16 0.006
CS SE 27.92 26.34 0.016
CS S 2.86 2.90 0.000
MR MW 0.28 0.10 0.002
Graduation Year (%)
2001 2.61 14.18 0.000
2002 4.38 10.01 -0.056
2003 5.06 10.79 -0.057
2004 5.70 10.93 -0.052
2005 6.06 8.42 -0.024
2006 6.17 7.79 -0.016
2007 6.18 7.17 -0.010
2008 6.38 6.06 0.003
2009 7.45 4.91 0.025
2010 8.67 4.77 0.039
2011 11.48 4.81 0.067
2012 13.52 4.71 0.088
2013 16.34 5.44 0.109

Age 25.74 24.89 0.000
% Male 52.26 34.02 0.000
Medschool Rank 83.49 70.44 0.000

Number of Obs 46,989 13,574
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Table A4: Living Cost Index

Years
2001 2002 2003 2004 2005 2006 2007 2008 2009 2010 2011 2012 2013 2014 2015

Metropolitan
Region

RO 0.037 0.039 0.032 0.030 0.027 0.024 0.021 0.023 0.028 0.019 0.021 0.024 0.028 0.031 0.031
AC -0.096 -0.115 -0.059 -0.096 -0.148 -0.141 0.002 -0.118 -0.105 -0.151 -0.193 -0.195 -0.211 -0.290 -0.259
AM -0.542 -0.361 -0.285 -0.235 -0.300 -0.298 -0.291 -0.128 -0.104 -0.149 -0.147 -0.211 -0.204 -0.203 -0.259
RR -0.334 -0.259 -0.320 -0.408 -0.284 -0.294 -0.326 -0.390 -0.297 -0.330 -0.387 -0.403 -0.410 -0.460 -0.398
PA -0.227 -0.232 -0.248 -0.273 -0.234 -0.260 -0.239 -0.247 -0.265 -0.233 -0.245 -0.263 -0.238 -0.335 -0.340
AP 0.078 -0.107 0.021 -0.015 -0.104 -0.067 -0.141 -0.167 -0.152 -0.148 -0.097 -0.195 -0.178 -0.200 -0.252
TO -0.722 -0.665 -0.631 -0.595 -0.598 -0.553 -0.600 -0.566 -0.599 -0.520 -0.599 -0.557 -0.572 -0.580 -0.588
MA -0.650 -0.616 -0.513 -0.471 -0.524 -0.508 -0.438 -0.497 -0.531 -0.471 -0.483 -0.582 -0.408 -0.475 -0.519
PI -0.625 -0.699 -0.630 -0.670 -0.728 -0.655 -0.592 -0.639 -0.657 -0.656 -0.672 -0.661 -0.620 -0.620 -0.633
CE -0.777 -0.779 -0.747 -0.760 -0.751 -0.755 -0.766 -0.797 -0.768 -0.754 -0.762 -0.767 -0.676 -0.685 -0.668
RN -0.633 -0.666 -0.636 -0.639 -0.633 -0.586 -0.597 -0.575 -0.527 -0.558 -0.587 -0.636 -0.615 -0.665 -0.640
PB -1.153 -1.042 -0.988 -0.983 -0.973 -0.965 -1.040 -0.944 -0.908 -0.912 -0.942 -0.907 -0.873 -0.908 -0.901
PE -0.536 -0.586 -0.566 -0.594 -0.572 -0.590 -0.624 -0.624 -0.641 -0.609 -0.592 -0.540 -0.533 -0.524 -0.520
AL -0.875 -0.897 -0.875 -0.908 -0.873 -0.839 -0.870 -0.845 -0.876 -0.843 -0.886 -0.904 -0.847 -0.850 -0.812
SE -0.725 -0.699 -0.611 -0.653 -0.670 -0.640 -0.678 -0.638 -0.647 -0.579 -0.579 -0.594 -0.537 -0.570 -0.582
BA -0.462 -0.471 -0.436 -0.430 -0.416 -0.390 -0.410 -0.419 -0.422 -0.408 -0.439 -0.450 -0.435 -0.452 -0.435
MG -0.395 -0.372 -0.331 -0.356 -0.345 -0.332 -0.339 -0.344 -0.346 -0.303 -0.311 -0.314 -0.297 -0.304 -0.312
ES -0.501 -0.432 -0.391 -0.385 -0.364 -0.349 -0.299 -0.319 -0.298 -0.258 -0.278 -0.302 -0.261 -0.309 -0.284
RJ -0.007 0.008 0.049 0.028 0.008 -0.002 -0.043 -0.043 -0.066 -0.066 -0.089 -0.096 -0.075 -0.083 -0.063
SP 0.013 0.018 0.012 0.014 0.021 0.021 0.028 0.029 0.027 0.018 0.019 0.023 0.012 0.016 0.014
PR -0.384 -0.367 -0.311 -0.318 -0.309 -0.271 -0.269 -0.266 -0.262 -0.247 -0.261 -0.248 -0.239 -0.241 -0.223
SC -0.330 -0.297 -0.147 -0.161 -0.103 -0.034 -0.008 -0.076 -0.061 -0.076 -0.104 -0.169 -0.090 -0.158 -0.135
RS -0.077 -0.063 -0.054 -0.054 -0.046 -0.038 -0.049 -0.062 -0.064 -0.055 -0.062 -0.065 -0.063 -0.067 -0.061
MS -0.609 -0.576 -0.537 -0.508 -0.435 -0.399 -0.430 -0.416 -0.457 -0.381 -0.383 -0.415 -0.353 -0.411 -0.393
MT -0.442 -0.398 -0.354 -0.278 -0.216 -0.201 -0.297 -0.322 -0.345 -0.304 -0.349 -0.390 -0.304 -0.311 -0.316
GO -0.603 -0.540 -0.472 -0.460 -0.454 -0.430 -0.411 -0.438 -0.428 -0.372 -0.378 -0.395 -0.353 -0.374 -0.357
DF 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000

Countryside

RO -0.831 -0.872 -0.720 -0.686 -0.601 -0.539 -0.481 -0.526 -0.622 -0.435 -0.481 -0.547 -0.622 -0.693 -0.696
AC -0.216 -0.258 -0.133 -0.216 -0.334 -0.317 0.004 -0.266 -0.236 -0.339 -0.434 -0.439 -0.475 -0.651 -0.582
AM -1.512 -1.008 -0.795 -0.655 -0.837 -0.831 -0.811 -0.356 -0.290 -0.415 -0.410 -0.588 -0.568 -0.567 -0.722
RR -0.708 -0.548 -0.677 -0.863 -0.601 -0.624 -0.691 -0.825 -0.629 -0.698 -0.819 -0.853 -0.869 -0.975 -0.844
PA -0.476 -0.486 -0.519 -0.572 -0.489 -0.544 -0.500 -0.516 -0.554 -0.487 -0.513 -0.550 -0.499 -0.700 -0.711
AP 0.205 -0.281 0.055 -0.039 -0.274 -0.177 -0.373 -0.439 -0.400 -0.390 -0.255 -0.515 -0.470 -0.527 -0.666
TO -0.960 -0.884 -0.839 -0.792 -0.796 -0.736 -0.798 -0.753 -0.798 -0.692 -0.797 -0.741 -0.761 -0.772 -0.783
MA -1.232 -1.168 -0.972 -0.892 -0.992 -0.964 -0.829 -0.941 -1.007 -0.893 -0.915 -1.103 -0.774 -0.901 -0.983
PI -1.220 -1.365 -1.230 -1.308 -1.421 -1.279 -1.155 -1.248 -1.283 -1.280 -1.311 -1.290 -1.211 -1.210 -1.237
CE -1.347 -1.350 -1.293 -1.317 -1.301 -1.308 -1.326 -1.380 -1.330 -1.306 -1.320 -1.328 -1.172 -1.186 -1.157
RN -1.166 -1.227 -1.172 -1.177 -1.165 -1.080 -1.100 -1.060 -0.971 -1.028 -1.081 -1.172 -1.133 -1.225 -1.179
PB -1.653 -1.494 -1.416 -1.409 -1.396 -1.383 -1.492 -1.353 -1.303 -1.308 -1.352 -1.300 -1.252 -1.303 -1.292
PE -0.937 -1.024 -0.989 -1.038 -1.000 -1.031 -1.091 -1.092 -1.121 -1.065 -1.035 -0.945 -0.932 -0.917 -0.909
AL -1.152 -1.181 -1.153 -1.196 -1.150 -1.105 -1.146 -1.113 -1.153 -1.110 -1.166 -1.191 -1.115 -1.119 -1.069
SE -1.273 -1.228 -1.074 -1.148 -1.177 -1.125 -1.191 -1.121 -1.137 -1.017 -1.018 -1.044 -0.944 -1.001 -1.022
BA -1.040 -1.060 -0.980 -0.969 -0.935 -0.878 -0.923 -0.942 -0.950 -0.917 -0.988 -1.013 -0.978 -1.018 -0.980
MG -0.788 -0.742 -0.660 -0.709 -0.687 -0.662 -0.676 -0.687 -0.690 -0.604 -0.619 -0.626 -0.592 -0.606 -0.623
ES -1.101 -0.950 -0.859 -0.846 -0.801 -0.768 -0.658 -0.701 -0.656 -0.567 -0.611 -0.663 -0.575 -0.680 -0.624
RJ -0.026 0.030 0.176 0.099 0.028 -0.007 -0.154 -0.156 -0.237 -0.238 -0.319 -0.345 -0.268 -0.298 -0.225
SP -0.251 -0.357 -0.243 -0.283 -0.414 -0.412 -0.551 -0.563 -0.533 -0.351 -0.364 -0.446 -0.233 -0.313 -0.273
PR -0.766 -0.734 -0.622 -0.635 -0.618 -0.541 -0.538 -0.532 -0.523 -0.494 -0.522 -0.496 -0.477 -0.481 -0.446
RS -0.543 -0.445 -0.381 -0.379 -0.320 -0.270 -0.345 -0.439 -0.449 -0.389 -0.437 -0.456 -0.441 -0.472 -0.430
MS -0.761 -0.719 -0.671 -0.635 -0.543 -0.498 -0.538 -0.520 -0.571 -0.476 -0.479 -0.519 -0.441 -0.513 -0.491
MT -0.571 -0.513 -0.457 -0.359 -0.278 -0.260 -0.383 -0.416 -0.446 -0.392 -0.450 -0.503 -0.393 -0.401 -0.408
GO -1.002 -0.898 -0.784 -0.765 -0.755 -0.716 -0.684 -0.728 -0.712 -0.618 -0.628 -0.657 -0.588 -0.621 -0.593

This table shows the living cost estimates for each one of the 52 regions analyzed in this study. We chose
the Federal District as the omitted State in the regressions, so its index is zero. The higher the value,
the higher the living cost in the region. Our Metropolitan Region definition also includes the capital of
each State.
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Table A5: Probability of physicians choosing certain region after 5 years, given their first
practice location

Generalists’ Location 5 years later
Metropolitan Regions Countryside

N NE SE S MW N NE SE S MW
First Location

Metropolitan Regions

N 59.95 3.28 12.65 1.41 2.11 9.84 3.51 4.45 0.70 2.11
NE 0.30 78.63 6.77 1.35 0.90 0.75 9.63 1.20 0.38 0.08
SE 0.79 1.59 82.31 1.51 0.99 0.40 1.15 10.10 0.50 0.65
S 0.30 0.41 5.93 81.15 0.24 0.53 0.36 2.79 7.94 0.36
MW 0.97 1.16 9.28 3.87 70.02 0.77 1.74 3.09 0.39 8.70

Countryside

N 21.52 4.35 14.13 2.39 2.61 40.87 3.26 5.65 1.30 3.91
NE 0.64 37.23 6.52 1.19 1.19 1.11 47.81 3.02 0.64 0.64
SE 0.51 1.05 25.14 1.80 1.21 0.62 1.02 66.14 0.92 1.59
S 0.45 0.60 4.52 27.71 0.60 0.30 0.45 3.16 60.84 1.36
MW 0.62 1.86 8.25 3.92 18.56 0.62 2.27 9.28 2.06 52.58

This table describes practice location of physicians who graduated between 2001 and 2009 just after grad-
uation and five years later. Each cell (i, j) in the table has the fraction of physicians who started working
in region i (row) just after graduation – metropolitan areas (including capitals) and countryside for the 5
Brazilian geographic regions – that worked in region j (column) five years after graduation. The table shows
persistency of practice location, especially for those who initially chose to work in metropolitan areas.
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Table A6: Reduced Form Evidence at the Regional Level

Dep. var.: Physicians Practice Choices per 1,000 people
OLS 2SLS

(1) (2) (3) (4) (5) (6) (7) (8) (9) (10)

Avg Hourly Wage 0.001 0.035*** 0.014** 0.015** 0.016 -0.043*** 0.184*** 0.022 0.057 0.123**
(0.008) (0.009) (0.005) (0.006) (0.010) (0.015) (0.046) (0.026) (0.036) (0.055)

Amenities 0.011** 0.022* 0.010 0.011** 0.016 -0.012
(0.005) (0.012) (0.010) (0.005) (0.014) (0.012)

Health Infrastructure 0.041*** 0.093*** 0.099*** 0.039** 0.077*** 0.073**
(0.015) (0.018) (0.025) (0.019) (0.019) (0.031)

Health Insurance 0.015*** 0.009 0.017 0.016*** 0.003 0.005
(0.004) (0.022) (0.023) (0.004) (0.021) (0.021)

Physicians p.c. -0.040** -0.077*** -0.052 -0.037* -0.063*** -0.033
(0.017) (0.023) (0.032) (0.020) (0.024) (0.030)

Med. School Graduates 0.005* 0.013** 0.013** 0.005* 0.012** 0.009
(0.003) (0.006) (0.006) (0.003) (0.005) (0.007)

Population Weight Yes Yes Yes Yes No Yes Yes Yes Yes No
State-Region FE No Yes No Yes Yes No Yes No Yes Yes
1st Stage F-Stat 13.66 16.12 4.29 4.74 3.16

This table presents the results of linear regressions of generalist physicians practice choice per 1,000 peo-
ple (mean 0.019) on average hourly wage and other covariates. Unit of observations is state-region (i.e.,
metropolitan areas or countryside) by year (N=676), between 2001 and 2013. All regressions include a
constant and state-region trends. Columns 1 to 5 present OLS estimates and columns 6 to 10 present 2SLS
estimates instrumenting wages with neighbors’ amenities, health infrastructure, health insurance indices and
physicians per capita (as described in section 4.3). Regressions estimated using population weights, except
columns 5 and 10. Section 3 describes the variables used. Columns indicated with State-Region FE include
state-region fixed effects. Standard errors clustered by state-region (52 clusters) in parentheses. *** p<0.01,
** p<0.05, * p<0.1.
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D Estimates with Restricted Choice set

Table A7: Restricted Choice Set Estimates – Physicians’ Place of Birth and Medical School
Region

Multinomial Multinomial Random Random
Logit Logit with Coefficients Coefficients with

Control Function Control Function
(1) (2) (3) (4)

Birth Metrop Region 1.715*** 1.713*** 2.398*** 2.397***
(0.050) (0.050) (0.094) (0.094)

× Male -0.082** -0.081** -0.253 -0.251
(0.039) (0.039) (0.071)*** (0.071)***

× Age 0.294** 0.296** 0.149 0.151
(0.125) (0.125) (0.222) (0.222)

× Medschool Rank 1.265*** 1.266*** 1.141*** 1.143***
(0.065) (0.065) (0.117) (0.117)

Birth Countryside Region 2.947*** 2.946*** 2.699*** 2.700***
(0.050) (0.050) (0.122) (0.122)

× Male 0.074* 0.074* 0.172* 0.172*
(0.038) (0.038) (0.092) (0.092)

× Age -0.273*** -0.272*** -1.045*** -1.046***
(0.110) (0.110) (0.277) (0.278)

× Medschool Rank 0.121** 0.121** 0.804*** 0.807***
(0.063) (0.063) (0.158) (0.158)

Medschool Metrop Region 3.545*** 3.546*** 4.714*** 4.715***
(0.046) (0.046) (0.078) (0.078)

× Male -0.172*** -0.173*** -0.408*** -0.408***
(0.035) (0.035) (0.059) (0.059)

× Age 0.630*** 0.629*** 0.213 0.211
(0.106) (0.106) (0.170) (0.170)

× Medschool Rank -0.396*** -0.396*** -0.454*** -0.453***
(0.061) (0.061) (0.100) (0.100)

Medschool Countryside Region 1.689*** 1.690*** 2.770*** 2.771***
(0.073) (0.073) (0.088) (0.088)

× Male -0.160*** -0.160*** -0.181*** -0.182***
(0.051) (0.051) (0.060) (0.060)

× Age 1.051*** 1.050*** 0.631*** 0.630***
(0.158) (0.158) (0.187) (0.187)

× Medschool Rank -0.096 -0.098 0.012 0.014
(0.096) (0.096) (0.118) (0.118)

This table displays the preference estimates for a standard and random coefficients logit, both with and
without a control function. In this model we consider that choice sets are restricted in the following way:
physicians graduated from a certain region have as alternatives all places chosen by physicians that graduated
in the same region over the whole sample period plus its own region of birth.Sample size: 46,989. Respective
log likelihoods: -80201.54, -80197.88, -77293.52 and -77289.93. Standard deviations are in parenthesis. ***
p<0.01, ** p<0.05, * p<0.1. Point estimates using 150 simulation draws. All columns include alternative-
specific dummies and region-specific year trends.

A12



Table A8: Preference Estimates – Regions’ Characteristics

Multinomial Multinomial Random Random
Logit Logit with Coefficients Coefficients with

Control Function Control Function
(1) (2) (3) (4)

Physicians Ratio 0.276 0.463 0.732 1.034
(0.537) (0.541) (0.694) (0.705)

× Male -0.314 -0.318 -0.305 -0.309
(0.189) (0.189) (0.244) (0.244)

× Age -0.563 -0.551 -1.706** -1.698**
(0.581) (0.581) (0.748) (0.748)

× Medschool Rank -0.115 -0.113 -0.635 -0.625
(0.321) (0.321) (0.409) (0.409)

Health Infrastructure 2.388*** 2.574*** 2.912*** 3.100***
(0.502) (0.507) (0.660) (0.665)

× Male -0.068 -0.064 -0.076 -0.071
(0.181) (0.181) (0.243) (0.243)

× Age -0.580 -0.585 0.398 0.397
(0.543) (0.543) (0.719) (0.719)

× Medschool Rank -0.402 -0.399 -0.256 -0.266
(0.307) (0.307) (0.405) (0.405)

Health Insurance 0.069 -0.087 0.098 -0.096
(0.369) (0.374) (0.481) (0.487)

× Male -0.258*** -0.256*** -0.323*** -0.322***
(0.102) (0.102) (0.126) (0.126)

× Age -1.516*** -1.525*** -1.370*** -1.379***
(0.322) (0.322) (0.399) (0.399)

× Medschool Rank 1.203*** 1.201*** 2.157*** 2.153***
(0.174) (0.174) (0.213) (0.212)

Amenity Index 0.798** 0.679** 1.279*** 1.093***
(0.273) (0.277) (0.352) (0.360)

× Male 0.153** 0.151 0.249** 0.247**
(0.091) (0.091) (0.118) (0.118)

× Age 0.030 0.030 -0.001 0.001
(0.275) (0.275) (0.351) (0.351)

× Medschool Rank -0.391 -0.389 -0.896*** -0.891***
(0.151) (0.151) (0.195) (0.195)

Avg Hourly Wage -0.481 2.539** -0.840 2.532 **
(0.231) (1.139) (0.285) (1.457)

× Male 0.210 0.209 0.423 0.421
(0.138) (0.138) (0.173) (0.173)

× Age -0.749 -0.751 -0.736 -0.745
(0.396) (0.395) (0.480) (0.480)

× Medschool Rank 0.531** 0.533*** 0.661** 0.653**
(0.225) (0.224) (0.279) (0.279)

Region Unobs -2.290*** -2.632**
(0.846) (1.077)

This table displays the preference estimates for a standard and random coefficients logit, both with and
without a control function. In this model we consider that choice sets are restricted in the following way:
physicians graduated from a certain region have as alternatives all places chosen by physicians that graduated
in the same region over the whole sample period plus its own region of birth. Sample size: 46,989. Respective
log likelihoods: -80201.54, -80197.88, -77293.52 and -77289.93. Standard deviations are in parenthesis. ***
p<0.01, ** p<0.05, * p<0.1. Point estimates using 150 simulation draws. All columns include alternative-
specific dummies and region-specific year trends.
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Table A9: Preference Estimates – Interaction Term βu

Random
Random Coefficients with

Coefficients Control Function
(1) (2)

Birth Metrop Region 3.015∗∗∗ 3.014∗∗∗

(0.078) (0.078)
Birth Countryside Region 4.439∗∗∗ 4.443∗∗∗

(0.130) (0.130)
Medschool Metrop Region 1.942∗∗∗ 1.943∗∗∗

(0.106) (0.106)
Medschool Countryside Region -0.032 -0.023

(0.172) (0.171)
Physicians Ration -0.006 0.001

(0.145) (0.143)
Health Infrastructure -0.026 -0.026

(0.123) (0.123)
Health Insurance 0.045 0.046

(0.113) (0.113)
Amenity Index 0.007 0.007

(0.072) (0.072)
Avg Hourly Wage 0.054 -0.098

(0.582) (0.430)
Region Unobs 0.773∗

(0.455)

This table displays the preference estimates for a random coefficients logit, both with and without a control
function. In this model we consider that choice sets are restricted in the following way: physicians graduated
from a certain region have as alternatives all places chosen by physicians that graduated in the same region
over the whole sample period plus its own region of birth. Sample size: 46,989. Respective log likelihoods:
-77293.52 and -77289.93. Standard deviations are in parenthesis. *** p<0.01, ** p<0.05, * p<0.1. Point
estimates using 150 simulation draws. All columns include alternative-specific dummies and region-specific
year trends.
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E Data Appendix
Detailed description of data sources and data cleaning in:

https://www.dropbox.com/s/5mcxtpuwri71iyn/CNS_Physicians_2019_dataappendix.pdf
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Abstract 

 

A large literature examines the effect of health insurance on mortality. We add to this literature by 

emphasizing two challenges in using quasi-experimental variation provided by the Affordable 

Care Act (ACA) coverage expansions to study mortality.  The first is non-parallel pre-treatment 

trends.  Mortality was rising in Medicaid non-expansion relative to expansion states prior to 

Medicaid expansion, making it difficult to estimate the effect of insurance using difference-in-

differences (DD).  We use various DD, triple difference, age-discontinuity (at Medicare age) and 

synthetic control approaches, but are unable to find a research design that satisfactorily addresses 

this concern. Our estimates are not statistically significant at conventional levels, and are imprecise 

enough to be consistent with both no effect and a large effect of ACA expansion on overall 

mortality for non-elderly adults over the first three post-ACA years.  Thus, our results should not 

be interpreted as evidence that health insurance has no effect on mortality for this age group, 

especially in light of the literature documenting greater health care use as a result of the ACA.   

Second, we provide a simulation-based power analysis, showing that even the nationwide natural 

experiment provided by the ACA is underpowered to detect plausibly sized mortality effects in 

available datasets, and discuss data element and sample size needs for the literature to advance.  

Our power analysis approach, which applies simulated pseudo-shocks to actual data in the pre-

treatment period, is broadly applicable to other natural-experiment studies.  Such analyses can 

reduce the likelihood of false positives and increase the validity of reported results.   
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I.  Introduction 

The relationship between health insurance and mortality is at the center of much empirical inquiry 

in the health economics literature. Since the first rigorous study of this relationship through the 

RAND Health Insurance Experiment, researchers have studied this question using varying study 

designs and populations, finding mixed results on the existence and strength of any relationship; a 

recent literature review found over 200 studies published on the topic (Gaudette et al., 2016). Many 

papers in this literature focus on mortality as an extreme, but readily measurable outcome.  Most 

earlier studies, including the RAND Experiment, studies of Medicare, and the more recent Oregon 

Health Insurance Experiment find no statistically significant impacts of health insurance on overall 

mortality for the general adult population (Levy and Meltzer 2008; Finkelstein and McKnight 

2008; Finkelstein et al., 2012), 1 but several more recent studies report mortality reductions from 

state or federal insurance expansions for adults (e.g. Sommers, Long, and Baicker, 2014). A 

separate literature finds health and mortality gains from health insurance for children (e.g., Currie 

and Gruber, 1996a,b; Wherry and Meyer, 2015; Brown, Kowalski, and Lurie 2017). Health 

insurance expansions have also been shown to have substantial improvements in access to health 

care and in health status (Currie and Gruber 1996a, Sommers et al 2013, Simon et al 2018 JPAM,).  

Other studies examine the effect of insurance on non-physical health outcomes, such as mental 

health stress levels and financial health, finding improvements (e.g., Hu et al, 2016; Baicker et al. 

2013).  

The Affordable Care Act produced substantial insurance expansions for the low-income, 

non-elderly adult population (e.g. Kaestner et al., 2015; Wherry & Miller, 2016; Frean et al., 2017; 

Simon et al., 2017; Courtemanche et al., 2017).  These expansions provide a new opportunity to 

study the link between health insurance and mortality, and to examine issues of statistical power 

for these studies and, more generally, natural experiment studies of low-frequency outcomes.  Our 

study examines this relationship using mortality microdata from 1999-2016. We use both 

difference-in-differences (DiD) and triple-difference/age discontinuity approaches to study the 

effect of state Medicaid expansions, and ACA expansion more generally, on mortality during the 

                                                 
1 These are studies of the effect on mortality of health insurance, not health care.  For example, Finkelstein and 

McKnight (2008) observe that “part of the explanation for [finding no mortality effect could be that], prior to 

Medicare, elderly individuals with life-threatening, treatable health conditions sought care even if they lacked 

insurance, as long as they had legal access to hospitals.”   
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first three post-ACA years (2014-2016).  We exploit heterogeneity in assignment to “treatment” 

(health insurance) and potential treatment effect heterogeneity along several dimensions: 

healthcare amenable vs. non-amenable causes of death; specific major causes of death (cancer, 

heart disease, diabetes, and respiratory disease); and sociodemographic factors at the individual 

(gender, race/ethnicity, and education) and the county (baseline percent uninsured and percent in 

poverty) levels.  Our triple-difference/age-discontinuity design compares the near-elderly (age 55-

64) to the young-elderly (ages 65-74), who were already covered by Medicare.  We focus on the 

near-elderly, both because they are more likely than younger persons to have health conditions for 

which healthcare is important for survival, and because focusing on this age band makes the above 

and below-65 groups more comparable.  Our age-discontinuity approach is similar to the 

Finkelstein and McKnight (2008) study of Medicare, except their treatment group is our control 

group.  We obtain similar results in analyses using broader age ranges (age 45-64, or all non-

elderly adults). 

We do not find a statistically significant pattern of results consistent with Medicaid 

expansion causing mortality changes, but we also cannot rule out large effects in either direction. 

We note here that prior evidence on the effects of insurance expansion on mortality lead one to 

expect modest effects of incremental insurance expansions on mortality.  Reasons for modest 

overall effects include: many of those in greatest need of healthcare are already insured; and many 

uninsured persons already receive substantial healthcare. One reason for our “null result” is that 

the first stage on insurance coverage is weak:  our principal identifying variation (the relative 

change in uninsurance rates for Medicaid expansion versus non-expansion states) amounts to a 

very small fraction of the population.  The average increase in health insurance coverage 

attributable to Medicaid expansion over 2014-2016 is only around 1.1% for persons aged 50-64, 

and only around 4% even when we hone in on low-educated populations; precise income measures 

used to determine ACA eligibility are unavailable in mortality data.  A second reason for failure 

to reject the null of no effect is a high level of “noise” - substantial background variation in 

mortality, and mortality trends, across states and demographic groups.  A third reason is that 

mortality is a low-frequency outcome.  We note too that effects of health insurance on mortality 

are more likely to emerge over a long time frame. 

Our second contribution is to highlight that observational studies can often benefit from 

performing and reporting power analyses. We use a simulation-based power analysis, in which we 
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impose treatment effects of varying sizes on actual data during the pre-treatment period, and assess 

whether ACA expansion effects on mortality of plausible size can be detected with our data.  We 

conclude that even the nationwide natural experiment provided by the ACA is severely 

underpowered to detect effects on mortality of plausible size in county-level death certificate data.  

To reliably detect effects of insurance coverage on mortality, one would need very large-sample 

panel data on individuals, which is not currently available.  Such data could include information 

on health, income, and insurance status, which would allow the study to focus on subsamples with 

a larger first stage and/or higher sensitivity of health and mortality to healthcare use.  Even with 

such hypothetical data, it is likely that only fairly large effects of health insurance on mortality 

could be reliably detected.   

We estimate power using our pre-treatment period data (pre-2014) by first applying a 

pseudo-shock to health insurance rates at the beginning of 2011 as if the ACA expansion had 

occurred then.  We choose pseudo-treated states at random, and then apply pseudo treatment effect 

(mortality shocks) of different sizes to the group of pseudo-treated states (by randomly removing 

deaths from our mortality data). We repeat this process 1,000 times.  We then assess the likelihood 

that these pseudo shocks we introduce in 2011-2013 would be detected, using methods similar to 

our actual specifications.  This approach (applying simulated treatment effects to actual data, 

drawn from a period when no effect should exist) can be applied to a wide-variety of research 

settings, including both structural and non-parametric work; The Appendix provides sample Stata 

code for implementing our power analysis using publicly available mortality data from CDC 

Wonder.  

The minimum detectable effect (MDE) – the minimum reduction in amenable mortality for 

all persons aged 55-64 years in expansion states, detectable at the 95% confidence level (two-tailed 

test), 80% of the time (a standard threshold for a study to be considered adequately powered) as a 

result of a state expanding Medicaid is about 0.018.  Together with a 0.011 first-stage, this implies 

that the MDE is roughly a 160% drop in amenable mortality among the newly insured.2 The DD 

and triple difference models have similar power.  Power does not improve when we examine 

subgroups:  non-parallel trends remain common, the first-stage remains modest, and the gain in 

                                                 
2 This estimate assumes that baseline amenable mortality rate is the same for those who differentially gained insurance 

in expansion states as for the general population, controlling for observable covariates.   If the baseline mortality rate 

for the newly, differentially insured was twice that of the overall population, the MDE would be half as large, thus 

80% rather than 160%. 
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power from a higher first-stage and a higher base mortality rate is more than offset by smaller 

sample size. 

By comparison to the very large MDE from the natural experimental variation available in 

our study, the historic introduction of sulfa drugs reduced maternal mortality by 24-36% 

(Thomasson and Treber, 2008; Jayachandran et al., 2012).  Finkelstein and McKnight (2008) found 

no significant effect of the introduction of Medicare on mortality for those aged 65-74 years (point 

estimate after 5 years = -0.15%; 95% CI [-3.9%, +3.6%]); Card, Dobkin, and Maestas (2004) use 

an age-discontinuity design and find no reduction in mortality at age 65 (point estimate +0.5%, 

95% CI [-3.3%, +4.3%]); the RAND Experiment found no significant overall effect of health 

insurance on mortality but found a 10% reduction in mortality for a subsample of persons with 

vulnerable health; and the Oregon Experiment found no significant effect, with a point estimate of 

-13% but a wide 95% confidence interval (95% CI [-39%, +13%]).3  Large effects are also unlikely 

because prior research finds that the uninsured already consume substantial healthcare -- about 

80% as much as the insured (e.g., Black et al., 2017).  Our prior expectation, considering the near-

zero estimates and confidence intervals in the largest prior studies (Finkelstein and McKnight, 

2004; Card, Dobkin and Maestas, 2004), the substantial healthcare consumed by the uninsured, 

the imperfect safety net that already covers some vulnerable populations (e.g., the elderly and the 

disabled), and the availability of emergency care regardless of insurance status (Card, Dobkin, and 

Maestas, 2009), were that any effect of the 2014 insurance expansion on mortality was unlikely to 

exceed 10% for the newly insured, and that any effect would likely appear only over time.  

Combining this past literature with a power analysis perspective, we expect that if 

significant effects of expanding health insurance eligibility on general adult mortality are found, 

these are likely to greatly overstate actual magnitudes.  Reasons to re-examine results from low-

powered studies include: they may draw from the right tail of a probability distribution; failure to 

adequately balance treated and control units or address non-parallel trends; specification searches; 

and “file-drawer bias” (the tendency for insignificant results to remain unpublished).  McCrary, 

Christensen and Fanelli (2016) propose a minimum t-statistic around 3 to correct for file-drawer 

bias alone.  

                                                 
3  Sulfa drugs:  See Jayachandran et al. (2012), table 1.  Medicare adoption:  See Finkelstein & McKnight (2008), 

App. A.  Oregon Experiment:  See Finkelstein et al. (2012), Table IX.  Medicare age discontinuity: see Card et al 

(2004) table 11, RAND experiment: see Brook et al. (1983) Table 7. 



 

 

6 

Power analyses are common in the design (ex ante) stage of a randomized trial; researchers 

use them to ensure that the trial does not “fail” to find a true effect due to inadequate sample size.  

They are rare, however, for DiD and other observational studies.  Ioannidis et al. (2017) and 

McCloskey (1985) criticize the failure of economics researchers to conduct power analyses.  DiD 

and other shock-based, observational studies with panel data would often benefit from assessing 

plausible effect sizes and conducting power analyses, ideally in an explicit “design stage” (with 

outcomes hidden; see Rubin, 2008).  Conducting these analyses can reduce the chance of 

inadvertently publishing false positive results or results with inflated magnitudes (Button et al., 

2013; Gelman and Carlin, 2014).4   

For example, we find non-parallel pre-treatment trends between treated and control states; 

mortality among those aged 55-64 drops fairly substantially in treated states over 2009-2013 

relative to control states (Figure 2).  The triple difference design cannot fully address this problem, 

because we also find non-parallel within-state trends for persons aged 55-64 compared to those 

aged 65-74, which vary across subgroups.  DD and triple difference regression estimates ignore 

these non-parallel trends.  For example, we find implausibly large, statistically significant effects 

of ACA expansion on mortality for blacks and Hispanics, in both DD and triple difference 

specifications (Appendix Table A2).  The power analysis and parallel trends examination (for 

which a long pre-treatment period can be important) reduce the likelihood that we would 

inadvertently interpret these significant coefficients as robust results.5 

We note several limitations of our work.  First, our analysis should not be interpreted as 

evidence that health insurance does not affect mortality or health, either overall or for particular 

diseases or subgroups.  Second, studying mortality with ACA-induced variation in health 

insurance is marginal in three senses:  (i) those previously uninsured (implying average lower 

demand for health insurance; see Kowalski’s (2018) evidence on better health among new 

enrollees in Massachusetts reform than existing enrollees) may experience lower marginal gains 

from insurance than the already insured; (ii) prior policy interventions already provide emergency 

care and some healthcare access for vulnerable populations; and (iii) access to health insurance 

                                                 
4 We discuss below the limited prior examples we have found on use of a simulated power analysis in applied 

economics research; none involve imposing a simulated treatment effect on actual data. 

5  As we were finalizing this draft, we became aware of Borgschulte and Vogler (2019), who find a statistically 

significant post-ACA drop for both amenable and non amenable causes of death. 
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does not equate to access to healthcare, as even the uninsured consume substantial healthcare, so 

that some insurance-induced  healthcare could be at the “flat” (or even the downslope) of the 

marginal benefit curve.  We also study a relatively short post-shock time frame, yet any effects of 

health insurance on mortality may appear only over a longer time frame.  However, our simulations 

suggest that longer-term effects on mortality, with plausible effect sizes, cannot be reliably 

detected with currently available datasets.  Moreover, concern with non-parallel trends during the 

treatment period increases as one moves further away from the shock.  Thus, additional years of 

data, using existing sources, are unlikely to allow a convincing longer-term effect to emerge.  

In Part II we summarize the prior literature on the relationship between health insurance 

and mortality.  This literature presents a mixed picture.  There is no consistent evidence for 

statistically significant effects of insurance on mortality for the general adult population.  There 

are some effects for specific vulnerable populations such as those with HIV, but not for others, 

such as those with a disability.  Part III provides an overview of the conceptual concerns that 

inform our analysis.  Part IV summarizes the ACA insurance expansions.  Part V describes our 

data and presents summary statistics.  Part VI summarizes our empirical approach.  Part VII 

presents our results. Part VIII presents our power analysis, highlights the limited sources of 

identifying variation and the risk of false positives, and assesses which data and sample sizes might 

provide adequate power.  Part IX concludes. 

II. Prior Research  

A.  The Effect of Health Insurance on Health and Mortality 

Our first contribution, on whether Medicaid expansion predicts lower mortality, fits into a 

large literature that examines the connection between health insurance and health status. This 

literature spans experimental and quasi-experimental settings, and examines morbidity and 

mortality, physical and mental health, elderly and non-elderly adults, pregnant women, children, 

infants, short- and long-run effects, and specific diseases and demographic subpopulations.   

For our first aim, we focus on the effect of health insurance on mortality in the general 

adult population.6  Historically, the first rigorous evidence on how health insurance affects health 

                                                 
6  In early research using a natural experiment, Currie and Gruber (1996a,b) find that Medicaid expansions in the late 

1980s and early 1990s reduced infant mortality by 8% and all-cause child mortality by 5%.However, Howell et al 

(2010) find that the effects of Medicaid expansion on child and infant mortality are limited to accidental deaths, not 

disease-related deaths – a puzzling result, since emergency care regardless of insurance has been required since 1986 
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and mortality comes from the RAND Health Insurance Experiment (Brook et al., 1983; Keeler, 

1985; Newhouse, 1993) which provided experimental exposure to varying degrees of insurance 

generosity; none of the study subjects was fully uninsured.  Brook et al. (1983) found no significant 

overall effect on mortality for the full sample (of persons aged 14 to 61, followed for 3-5 years 

(point estimate -0.02; 95% CI [-0.05, +0.02]), but found 10% lower mortality for high-risk 

individuals who received generous insurance.  The RAND HIE also found some improvements in 

blood pressure for low-income populations receiving generous insurance, but otherwise found 

limited evidence that generous insurance led to improved health.  

 Finkelstein and McKnight (2008) study Medicare’s introduction in 1965, which remains 

the largest health insurance policy change in US history. Their first stage is around 75%, because 

private insurance for the elderly was uncommon pre-Medicare (Finkelstein, 2007). Finkelstein and 

McKnight (2008) find a 40% drop in out-of-pocket medical expenditures, but no discernible 

mortality effects over a 10-year period (point estimate after 5 years = -0.15%; 95% CI [-3.9%, 

+3.6%]). Finkelstein and McKnight observe that these results may be due to the fact that prior to 

Medicare, those with life-threatening but treatable conditions likely sought care even if they were 

uninsured.   

Card, Dobkin, and Maestas (2004) exploit the age-65 discontinuity in coverage using more 

recent data from 1989-1998; they find no significant effect of turning 65 on population mortality 

(point estimate +0.5%, 95% CI [-3.3%, +4.3%]).7  Their first stage is around 8% for the full sample 

(Table 3) and 14% for a low-education subsample. In a related study that speaks to possible 

mechanisms, Card, Dobkin, and Maestas (2009) find a drop in mortality at age 65 among those 

admitted to hospital through the ED for severe, non-deferrable reasons for which individuals would 

seek care at the ED whether insured or not:  having insurance through Medicare increases treatment 

intensity by around 3% and results in a 1% absolute (20% relative) reduction in 7-day mortality 

and a 3% relative reduction in 1-year mortality. 

                                                 
under the Emergency Medical Treatment and Active Labor Act (EMTALA) and was widely available pre-EMTALA. 

Wherry and Meyer (2015) examine the long-run impact of eligibility expansions for children using a regression 

discontinuity design and find lower mortality for nervous system diseases and cancer, rather than for accidents, among 

black but not white children. These studies, while pointing in different directions, suggest that there is important 

heterogeneity based on both cause of death and race.   

7  The overall mortality results are included in the 2004 NBER working paper but not later published papers (Card, 

Dobkin, and Maestas, 2008, 2009). 
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Doyle (2005) studies a subpopulation with strong need for emergency medical care 

(victims of auto accidents who are alive when they reach the hospital) and finds higher adult 

mortality rates for uninsured persons in Wisconsin during 1992-1997.  He finds that being 

uninsured increases in-hospital mortality by 39%, relative to other auto accident victims (1.5 more 

deaths per 100, relative to a mean of 3.8 deaths per 100) (point estimate 0.015, 95% CI [0.003, 

0.027]), which he attributes to differences in treatment intensity, rather than pre-accident 

differences in health; in this sense, the paper also speaks to a specific channel involving in-hospital 

treatment intensity for emergency care for severe traumatic injury.8  

Levy and Meltzer (2004, 2008) review the literature and conclude that, consistent with 

Finkelstein and McKnight (2008) and Card, Dobkin, and Maestas (2004), the literature presents 

evidence at most of modest health benefits from general adult health insurance expansions. They 

note potential exceptions for specific vulnerable populations, but conclude that “for most of the 

population at risk of being uninsured (adults of ages 19 to 50), we have limited reliable evidence 

on how health insurance affects health.” (Levy and Meltzer 2008, p.404).  

In addition to the RAND Experiment, two other randomized experiments deserve attention. 

Weathers and Stegman (2012) find no significant mortality effect for adults receiving Social 

Security Disability Insurance when they receive health insurance immediately rather than after the 

usual 2-year waiting period, even when given assistance in navigating the health insurance system 

(point estimate for odds ratio 1.28, 95% CI [0.71,1.85].  However, their sample of 2,000 persons 

is small, and thus confidence bounds are wide.  They do find that those receiving insurance have 

higher self-reported health.  The second is the Oregon Experiment, involving Medicaid expansion 

for adults, administered through a lottery among those who applied. Finkelstein et al. (2012) and 

Baicker et al. (2013) find limited changes in mortality or measures of physical health after 2 years.  

They find increased healthcare use, increased diabetes detection and care (but not lower blood 

sugar levels), reduced financial strain, and less depression.  Their first stage on health insurance 

coverage is strong at around a 25% relative rise in coverage for those in the treatment group; this 

difference shrinks rapidly, however, and is only half as large after 16 months.  Their point estimate 

for mortality reduction is large, at -13%, but with a wide 95% CI [-26%, +13%].  Thus, both 

                                                 
8 Another example of health insurance affecting health among a uniquely vulnerable population is Goldman et al. 

(2001), who use state HIV policies and Medicaid generosity as instruments for insurance status; they find that 6-month 

mortality falls by 71% as a result of gaining insurance. 
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experiments find statistically insignificant effects for relatively vulnerable populations (the 

disabled for Weathers and Stegman (2012), and poor adults who signed up for the Medicaid lottery 

and later enrolled if eligible for the Oregon Experiment). 

In contrast, several recent papers on insurance expansions for nonelderly adults find large 

effects of health insurance on mortality rates. Sommers, Baicker and Epstein (2012) considers 

Medicaid expansion for non-elderly adults in three states (Arizona, Maine, and New York) that 

expanded Medicaid in the early 2000s compared to neighboring non-expansion states; Sommers, 

Long and Baicker (2014) and Powell (2018) consider the Massachusetts insurance expansion in 

2006.  McClellan (2017) considers the ACA mandate that requires employers to cover young 

adults under their parents’ employment-based insurance policies until age 26, and Dunn and 

Shapiro (forthcoming) considers the effect of Medicare Part D prescription drug coverage for 

elderly adults.  

B.  Power analyses and prior use of simulated power in economics research 

Our second contribution focuses on the value of conducting and reporting a power analysis 

in an observational study.  We perform a power analysis in a form that is generally usable for DiD 

studies with reasonably long panels by using simulation, in which one imposes treatment effects 

of varying sizes on actual data during the pre-treatment period.   

Ex ante power analyses, before research is carried out, are often used in randomized trial 

designs to assess feasibility and determine necessary sample size,9 as well as in grant applications 

for observational studies.10  However, even when performed at an early stage in a research project, 

power analyses are rarely reported in published research.  It is rarer still to find simulated power 

analyses. The exceptions we found include Hsiang et al. (2015) and Croke et al. (2016) from 

economics and Hannon et al. (1993) from bird ornithology.  Of these only Hannon et al. (1993) 

                                                 
9  For example, after making assumptions about the mean and sampling distribution of a potential treatment effect, a 

researcher designing an RCT could use a standard formula to estimate the minimum number of subjects needed to 

detect an effect of that size at a 5% significance level 80% probability – termed 80% power. This ex ante power 

analysis is helpful in ruling out study designs that are underpowered given realistic assumptions, and can allow 

researchers to assess the needed sample size, and to enhance power by changing the research design. 

10  The National Institutes of Health (NIH) require reviewers of grant applications to evaluate how statistical power 

has been addressed and advice to potential grant applicants is to aim for at least 80% power (NIH, 2016; Gerin et al.,. 

2017). 
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modify observed data to discern power, while Hsiang et al. (2015) and Croke et al. (2016) create 

synthetic data that is designed to proxy for real world variables of interest.11  

Some have argued that power analysis should not be done after results are available 

(Hoenig and Heisey, 2001; Senn, 2002); citing concerns that a lack of power will be used to justify 

insignificant findings, which could be due to lack of a treatment effect.  Conversely, Gelman and 

Carlin (2014) point out in low-powered studies which find a statistically significant effect, the 

estimated effect size will often have the wrong sign or have magnitude far larger than the true 

effect; this implies a need for power analysis in studies which find significant effects.12  

A growing literature documents the prevalence of underpowered studies in a number of 

fields, including neuroscience, psychology, medicine, and economics (Button et al., 2013; 

Maxwell, 2004; Ioannidis, 2005; Ioannidis et al., 2017).  Related early work in this vein by 

economists includes the lament by McCloskey and Ziliak that power analyses are rarely conducted 

(McCloskey, 1985; McCloskey and Ziliak, 1996; Ziliak and McCloskey, 2004).  Ioannidis et al. 

(2017) estimate that the median statistical power in a large set of economics articles is 18%, which 

is far lower than the 80% standard used in experimental design. The authors determine power by 

relying on meta-analyses of these articles, and comparing the weighted effect size from the meta-

analysis to a weighted standard error. Their approach, however, cannot be used to assess power in 

a single study.13  In addition, Banerjee et al. (2015) review six randomized trials assessing 

microcredit and find that most suffer from low power due to a limited take up rate. 

Single-study power analyses can be either closed form (based on an assumed data 

generating process) or simulation-based; the simulation can involve either artificial data (from an 

assumed data generating process) or actual data, to which a treatment effect is added.  A study of 

bird nest visitation by Hannon et al. (1993),  the earliest simulated power analysis we found, is 

similar in spirit to our own in that the authors apply a simulated treatment effect to actual data. 

                                                 
11  Hannon et al. (1993) are also the only researchers who conduct a power analysis on their own results.  Hsiang et 

al. (2015) and Croke et a. (2016) run power analysis on studies by others. 

12  Gelman (2018) and Button et al. (2013) note a technical concern:  power analysis should not be based upon the 

estimated treatment effect size since noise in the estimated effect size will cause error in the estimated power; an 

estimated effect that exceeds the true effect would lead to estimated power that exceeds actual power. 

13  Zhang and Ortmann (2013) and Gallet and Doubouliagos (2017) use similar approaches to estimate power for a 

series of related studies.  Zhang and Ortmann report median power of 25% in experimental papers using the dictator 

game. Gallet and Doubouliagos report that 59% of studies examining the impact of healthcare spending on life 

expectancy have adequate power.   
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The authors modify their outcome variable (nest visitation) using draws from the binomial 

distribution, gradually increasing (or decreasing) the probability of visitation. For each modified 

sample, they draw 50 bootstrapped samples, re-estimate their statistical model, and report power 

for each imposed effect size as the percentage of times the imposed effect is statistically significant 

among the bootstrapped samples.  

In contrast, Hsiang et al. (2015) estimate power using synthetic data.  They generate the 

dependent variable (likelihood of conflict) using a normal distribution with a fixed mean and 

standard deviation; they impose a treatment effect by varying the mean to indicate a “treatment 

effect.” For each imposed effect size, they analyze the synthetic data using their preferred 

specification and report power as the percent of times a statistically significant result is found at 

the 95% confidence level. Croke et al. (2016) examine a meta-analysis done by Taylor-Robinson 

et al. (2015) on the impact of mass administration of deworming drugs on childhood health. Croke 

et al. (2016) demonstrate that the meta-analysis is under-powered by using a simulation similar to 

Hsiang et al. (2015).  

An advantage of entirely synthetic data is that there will be no pre-treatment trends or 

treatment effect unless one is imposed.  However, fully synthetic data involves large sacrifices, 

similar to those noted for closed form power analyses by Burlig et al. (2017); one must implicitly 

impose structure on the variance-covariance matrix, for which the true structure may not be known.  

For example, in a panel data setting, values could be autocorrelated across time, pre-treatment 

trends could be non-parallel in complex ways (as we find for our data), and unobserved covariates 

could predict both treatment and outcome.  As Stigler (1977) points out, real data are rarely drawn 

from a “perfect distribution.” Our approach, of applying a simulated treatment effect by modifying 

existing data during the pre-treatment period, does not guarantee a distribution centered around 

the null when we impose a zero treatment effect (the data can exhibit an “accidental” effect), but 

it preserves both the obvious and more subtle relationships present in the actual data that can affect 

power, and lets us take accidental effects into account in estimating power.  We have yet to find a 

prior example of this exact approach other than Hannon et al. (1993). However, similar procedures 

are suggested in the online appendix of Burlig et al. (2017), § D.2 and by Gelman and Carlin 

(2014). 
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III. Conceptual Concerns 

We study the end result (mortality) of a process that starts with policy changes to eligibility 

for free or subsidized health insurance.  To assess the plausible magnitude of any treatment effect 

and the challenges in measuring that effect using available datasets, one must keep in mind the 

chain of causation between policy changes and health or mortality. Because large-scale datasets 

available to researchers do not adequately measure morbidity, many studies (including ours) focus 

on mortality.  However, mortality records are generally not linkable at the individual level to other 

information, including pre-ACA insurance status (which one could use to exclude the always 

insured from the sample, thus increasing the first stage)14 or income (which determines eligibility 

for Medicaid and subsidized private insurance). 

Several concepts inform our analysis and the interpretation of our results.  One is the 

existence of prior policies that provide vulnerable populations with health insurance, or with 

healthcare regardless of health insurance status.   These include health insurance and healthcare 

for the elderly and disabled through Medicare or Medicaid; pregnant women through Medicaid; 

many children through the Children’s Health Insurance Program; persons needing emergency care 

through the Emergency Medical Treatment and Active Labor Act (EMTALA); persons with 

specific high-cost health conditions (AIDS through the Ryan White Act and end-stage renal 

disease under Medicare); those who suffer workplace or automobile injuries; and those with access 

to public hospitals, publicly supported clinics, or the charity care provided by nonprofit hospitals.  

Thus, further health insurance expansions will affect principally populations and medical 

conditions outside these groups. 

A second concept that informs our analysis is selection into coverage for a new program, 

such as the ACA Medicaid expansion, including selection effects for both take-up of new coverage 

and crowd-out of other coverage. The less policymakers are practically or politically able to target 

groups likely to be uninsured and promote a high take-up rate, the less likely it is that studies like 

ours will have sufficient statistical power to find detectable effects on health or mortality.  For 

example, the ACA changes eligibility but does not directly provide insurance.  As in any “intent-

to-treat” (encouragement) experimental design, we can estimate a treatment effect only for the 

                                                 
14  An analogy:  The Oregon Experiment achieved a 25% first stage because insurance was offered only to persons 

who were previously uninsured and had applied for the Medicaid lottery.  
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“compliers” with the encouragement.  Multiple selection effects are possible, including that those 

who sign up: (i) may be more health-conscious in other ways; (ii) may have greater healthcare 

needs (e.g., Kenney et al., 2012); (iii) may be more likely to use additional healthcare once insured; 

and (iv) may be more compliant with medical advice than the “never-takers” who do not sign up. 

Thus, estimates for compliers may differ from those for never takers or always takers (the already 

insured).  For example, Kowalski (2018) reconciles differences in the effects of the Oregon 

experiment and the Massachusetts health insurance expansion on emergency department visits on 

the basis of better initial health for the Massachusetts complier populations.   

Third, there could be substantial treatment heterogeneity even among the compliers, with 

health insurance improving health for some, but being neutral for others (“flat of the marginal 

benefit curve” medicine) or even detrimental due to overtreatment (e.g., opioid addiction as an 

unintended effect of pain treatment). Yet the available data limits our ability to study specific 

subpopulations. 

A fourth concern is heterogeneous health insurance quality.  In many states, Medicaid 

insurance is considered to be of lower quality than commercial insurance (Polsky et al., 2015).   

Fifth, health insurance is only one factor potentially affecting trends in health and mortality.  

Other factors can vary by age and ethnic group (e.g., Case and Deaton, 2015, find rising mortality 

in middle-age for less-educated whites, but not other groups), and by state (as we find below).  

Differing trends complicate any effort to define a suitable control group. 

These concerns, taken together, highlight the complex relationship between health 

insurance and health outcomes, and anticipate the limitations of the available data and policy 

shocks. 

IV.  Data 

We measure mortality using the confidential version of the Compressed Mortality File (CMF), 

which contains records on approximately 2.6 million deaths a year.15  This dataset is compiled by 

the National Center for Health Statistics (NCHS) and contains individual death records from the 

National Death Index, with county-level geographic identifiers.16    Other data in the mortality files 

                                                 
15 The public-use version of this data can be found at http://wonder.cdc.gov/mortSQL.html, but that version suppresses 

death counts in county-years with 10 or fewer deaths in any query. 

16 http://www.cdc.gov/nchs/data_access/cmf.htm#data_availability. We do not use data prior to 1999 because that is 

the first year in which death certificates began using ICD10 codes. 
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include (1) race, ethnicity, and gender; (2) year of death; (3) age at death (which we collapse into 

5yr-age groups, e.g., 55-59, 60-64, etc., because county population, which we use as the 

denominator for measuring mortality rates, is available only for these groups); and 4) primary 

cause of death (4 digit ICD-10 code). We use data from 2009-2013 as the pre-treatment period and 

2014-2016 as the treatment period for our main DD analysis, but use longer periods for selected 

analyses. We conduct county-level analyses, using county population (from the U.S. Census 

Bureau) as weights, to produce state-level and national estimates that are representatives of the 

respective populations.  To examine the first-stage health insurance estimates that correspond to 

our mortality analyses, we use information on uninsurance rates from the Census Bureau’s Small 

Area Health Insurance Estimates (SAHIE).17 

V.  ACA Insurance Expansions and Identifying Variation 

In 2014, the two main insurance expansions under the ACA took place, with Medicaid 

expansions occurring in 27 states (including the District of Columbia) on or soon after January 1, 

2014, in three more states on or soon after January 1, 2015, and in two more in late 2015 or the 

beginning of 2016.  “Standard” expansion included coverage for all non-elderly adults with family 

income less than 138% of the federal poverty level (FPL). Of these 32 expansion states, 10 had 

conducted significant expansions prior to 2014 and are not included in our main specifications.  

The “treated” states for our principal DD analyses are the remaining 22 “Full Expansion States”; 

the control group consists of the 19 “Non-Expansion States”; we also treat the five late-expansion 

states as part of the control group during pre-expansion years.  A number of other studies of 

Medicaid expansion also focus on the Full-Expansion States (e.g., Wherry and Miller, 2016).  

Table 1 lists the states in each expansion group, as well as the change in percent uninsured in each 

state from 2013-2015 for persons between the ages of 50 and 64; Appendix Table A-1 provides 

additional details on each state’s expansion status.   

The second major way in which the ACA expanded coverage was by creating 

“marketplaces” with private insurance subsidies for those with income between 138% and 400% 

of the FPL in expansion states, and 100-400% of the FPL in Non-Expansion States and WI (which 

expanded Medicaid only to 100% of the FPL). Our study design exploits mainly variation in 

                                                 
17  Source:  https://www.census.gov/data/datasets/time-series/demo/sahie/estimates-acs.html.  SAHIE data is available 

for ages 50-64, rather than the 55-64 age group we study in our main analyses, but first-stage magnitudes should be 

similar. 
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Medicaid expansion, but we also provide estimates that use both sources of variation provided by 

the ACA by comparing areas that received different shocks to uninsurance rates due to differing 

pre-ACA characteristics.  

There is ample evidence that the proportion of uninsured adults fell, and that the sources 

of payment for hospitalizations shifted toward more Medicaid and less self-pay.  However, the 

uninsured population fell in both Expansion and Non-Expansion States.  As Table 1 shows, the 

population-weighted drop in uninsurance rates from 2013 to 2015 for the 50-64 age group 

averaged 7.1% in Full-Expansion States versus 5.4% in Non-Expansion States; the difference 

between the two groups is 1.7%.18 

This small difference in secular uninsurance declines between treatment and control groups 

poses a major challenge to any effort to use Medicaid expansion to estimate the effect of health 

insurance on mortality.  The “first stage” of the encouragement design is only modestly higher for 

particular subgroups who were more likely to be affected by Medicaid expansion, for whom we 

still find first stages of 5% or less (Appendix Tables A-3 and A-4). 

Although the ACA unambiguously reduced uninsurance rates, causal effects on healthcare 

delivery appear more modest and uneven across types of care (e.g., Mazurenko et al., 2018).  The 

Oregon Experiment (Taubman et al., 2014) found a 40% increase in ED visits among the newly 

Medicaid eligible, and Ghosh et al. (2017) find that ACA Medicaid expansion predicts a nearly 

20% increase in prescription drug use.  In contrast, there is no evidence that the ACA Medicaid 

expansion led to a significant rise in ED visits in expansion states (Pines et al., 2016; Wherry and 

Miller, 2016).  Both from this evidence and from prior studies of the effect of health insurance on 

mortality discussed above, we expect the effect of receiving health insurance on mortality during 

our study period to be modest. 

VI.   Empirical Approach  

A.  Effect of Health Insurance on Mortality 

To investigate the effect of Medicaid expansion on mortality, we use several DD specifications:  

(i) a “simple DD” specification, which assumes a one-time change in mortality rates; (ii) a “leads-

and-lags” model, which allows for a separate treatment effect in each year, both before and after 

                                                 
18  Here, we use uninsurance rates for persons aged 50-64 as the closest available match in the Small Area Health 

Insurance Estimates (SAHIE) data on uninsurance rates to our principal treatment group of those aged 55- 64.  The 

drop in uninsurance rates was somewhat larger for the entire adult population.  See Appendix.   
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Medicaid expansion, and lets us assess whether pre-treatment trends are parallel; and (iii) a “triple 

difference” model, in which the third difference is persons aged 55-64 versus persons in the same 

county aged 65-74.  Treatment is recorded in event time, relative to the year in which each 

expansion state expanded Medicaid.  For states that expand on a date other than January 1 of year 

t, we treat year t as post-expansion if expansion occurred in the first half of the year; we treat year 

t as pre-expansion otherwise (see Table 1 for details).  All models use county-level data, county 

and year fixed effects (FE), county population weights, standard errors clustered at the state level, 

and data from 2009 through 2016.19  The simple DD model is: 

𝑌𝑗𝑡 = 𝛼 + 𝛽𝑃𝑜𝑠𝑡𝑠𝑡 + 𝜕𝑋𝑗𝑡 + 𝜏𝑡 + 𝜗𝑗 + 𝜀𝑗𝑡      [1] 

Here, i indexes individuals; j indexes county; s indexes state; t indexes time in years, the dependent 

variable; Yjt is ln((deaths)/100,000 persons)+1); we add 1 to the mortality rate to avoid dropping 

county-years with zero deaths.20  We limit the sample to Full- and Non-Expansion States to form 

a stronger comparison.  The predictor variable of interest is Post =1 for Full Expansion States in 

post-expansion years (2014 and 2015 for the 17 states that fully expanded Medicaid in 2014; 2015 

for the 3 states that expanded in 2015).  The covariate vector Xjt includes the following county-

level demographic characteristics: % male; % Black; % White, % Hispanic; % aged 0-19, 20-34, 

35-44, 45-54, 55-64, 65-74, 75-84, and 85+; managed care penetration (Medicare Advantage 

beneficiaries as % of all Medicare beneficiaries); % disabled (% of Medicare beneficiaries 

receiving SSDI benefits); % in poverty; unemployment rate; median household income; mean per-

capita income; % with diabetes; % obese; % physically inactive; % smokers; active practicing non-

federal physicians/1,000 persons.21  We convert all amounts to 2010 dollars.22 In some 

                                                 
19 A small number of small, rural counties experienced boundary changes over the study period, which are reflected 

at different times in different datasets.  To handle this problem, we merged some counties (see the Appendix for 

details). 

20  We use a log-linear model for convenience, so that the regression coefficients are interpretable as (approximate) 

fractional changes in mortality.  We obtain similar results with a linear model, with Yjt = (deaths)/100,000 persons. 

21  We take population data from the Census Bureau at http://www.census.gov/popest/.  We use mid-year inter-censal 

estimates for 1999 and 2001-2009, and post-census estimates for 2011-2015.  We obtain physician counts 

(interpolating from adjacent years for 2009 due to missing data), unemployment rate, median household income, 

percent in managed care (interpolating from adjacent years for 2006-2007 due to missing data), and percent disabled 

from the Area Health Resource File (AHRF) at http://arf.hrsa.gov/.  County per-capita personal income comes from 

the Bureau of Economic Analysis at http://www.bea.gov/regional/.  Data on health variables comes from the Centers 

for Disease Control at https://www.cdc.gov/dhdsp/maps/atlas/index.htm. 

22  Source:  www.bls.gov/cpi/.  We use the annual average consumer price index for all urban consumers. 
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specifications, we use a narrower set of covariates or no covariates, partly to assess whether our 

results are sensitive to including observable, time-varying, county-level factors, and also because 

expansion could affect some covariates. We include county and year fixed-effects (𝜏𝑡𝑎𝑛𝑑 𝜗𝑗 t)  in 

all models to control for potential unobserved covariates that vary across counties but are fixed 

over time, and for determinants of mortality that are constant across counties but vary over time. 

Appendix Table A-2 provides a covariate balance table showing mean values for each 

covariate by state, averaged over the pre-reform period of 2009-2013.  As expected, there are 

differences in a number of covariates. Expansion states differ from non-expansion states in a 

number of ways, including age structure (more weighted towards middle ages), race (more White), 

poverty (less poor), health status (less diabetes, more physical activity), health care access (more 

physicians per capita) and health insurance (less uninsured).  To address covariate imbalance, we 

also implement an inverse propensity score weighting approach in which we compute ATT 

weights and use ATT*population weights.23 Results with these weights, presented in the 

Appendix, are consistent with those we report in the text. 

We principally study mortality due to healthcare-amenable causes (Nolte and McKee, 

2003), but also provide some estimates for non-amenable and total mortality.  The concept of 

amenable mortality seeks to capture deaths from conditions that are potentially preventable with 

timely care; examples include heart disease, stroke, cancer, diabetes, and infections.24  

To study the time pattern of any apparent treatment effect, and to assess whether pre-

treatment trends differ between Full- and Non-Expansion States, we use a leads-and-lags model in 

event time, with the first expansion year set to zero, following Equation (2): 

𝑌𝑗𝑡 = 𝛼 + ∑ ( 2
𝑘=−5 βk ∗ D𝑗𝑡

k )  + 𝜕𝑋𝑗𝑡 + 𝜏𝑡 + 𝜗𝑗 + 𝜀𝑗𝑡      [2] 

Here, k indexes “event time” in years relative to Medicaid expansion. Djt
k = 0 for Non-Expansion 

States for all t and k. For Full-Expansion States, Dst
k = 1 for the kth year relative to the adoption 

year, and 0 otherwise. For states that expanded Medicaid on January 1, 2014, Dst
1 = 1 for 2014 and 

2 for 2015. Thus, β1 provides the estimated population average treatment effect for the first 

                                                 
23  To generate propensity scores, we average the covariates over the pre-treatment period (2009-2013). We then run 

a logit regression, which predicts whether a county is in a Full- or Non-Expansion State, using all variables in Table 

A-2 to generate the fitted propensity p. ATT weights are calculated as (p/(1-p)).  

24 We implement the concept of amenable mortality using the ICD-10CM causes of death tabulated in Sommers, Long, 

and Baicker (2014), App. 1, last column.  This definition is somewhat broader than the Nolte and McKee definition. 



 

 

19 

expansion year, while β-1 is the estimated effect one year before adoption, and so on.  We adjust 

the coefficients by subtracting β-3 from each, so that reported β-3 ≡ 0. 

We find evidence that states have differing mortality trends during the pre-treatment 

period, which casts doubt on the parallel trends assumption required for valid DD analysis.  To 

address these sources of differing trends, we use a further source of within-state variation: 

mortality trends among those who are 65 or older (and thus always insured) can potentially control 

for the otherwise unobserved state-specific factors that generate non-parallel trends. We thus also 

use a triple-difference/age-discontinuity specification (similar to Finkelstein and McKnight, 

2008), where the third difference is mortality among persons between the ages of 65 and 74, who 

are eligible for Medicare and should not be affected by Medicaid expansion, and limit the sample 

to persons between the ages of 55 and 74, thus comparing mortality trends for the 55-64 age group 

to thosein the 65-74 age group. The triple-difference specification, analogous to simple DiD, is: 

𝑌𝑗𝑡 = 𝛼 + 𝛽𝑃𝑜𝑠𝑡𝑠𝑡 ∗ 𝑈𝑛𝑑𝑒𝑟65𝑠𝑡 + 𝛽𝑃𝑜𝑠𝑡𝑠𝑡 + 𝛽𝑈𝑛𝑑𝑒𝑟65𝑠𝑡 +  𝜕𝑋𝑗𝑡 + 𝜏𝑡 + 𝜗𝑗 + 𝜀𝑗𝑡      [4] 

Heterogeneity/Robustness 

We also seek to strengthen the first stage (the fraction of county population that gains 

insurance due to Medicaid expansion) and to investigate potential heterogeneous treatment effects, 

by estimating a model that interacts the double difference with an indicator for counties with high 

uninsurance rates in 2013, prior to Medicaid expansion. High2013 indicator equals 1 for the 

counties with the highest uninsurance rates in 2013, such that together they contain 20% of the 

population of our treated and control states (or demographic subsamples), and 0 for the counties 

with the lowest uninsurance rates in 2013, containing another 20% of this population; we remove 

from the sample counties with moderate uninsurance rates (containing 60% of the U.S. 

population).  We thus compare high-uninsurance counties to low-uninsurance counties. The 

regression equation is: 

𝑌𝑗𝑡 = 𝛼 + 𝛽𝑃𝑜𝑠𝑡𝑠𝑡𝑥𝐻𝑖𝑔ℎ2013𝑗 +  𝛽𝑃𝑜𝑠𝑡𝑠𝑡 + 𝜕𝑋𝑗𝑡 + 𝜏𝑡 + 𝜗𝑗 + 𝜀𝑗𝑡      [5] 

We similarly compare counties with high poverty rates in 2013, containing 20% of the sample 

population, to counties with low poverty rates, also containing 20% of this population. This 

approach exploits variation from the ACA overall, rather than just the Medicaid expansion 

component.    

We also estimate separate models for subsamples stratified on covariates that may predict 

uninsurance rates or response to health insurance, for which we also have mortality data: education, 
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gender, and race/ethnicity. For example, lower-educated subgroups will have larger first stages 

and higher mortality rates, and thus will (before the offsetting effect of reduced sample size) could 

be more likely to produce detectable mortality changes.    

B.  Power Analysis 

The power of a statistical test is the probability that the test will correctly reject a false null 

hypothesis, at a given confidence level. For a regression coefficient, power is normally taken to be 

the likelihood that the coefficient will be found to be significantly different from zero, at that 

confidence level.  We conduct a simulation-based power analysis by artificially introducing 

treatment effects of different sizes into the data in the pre-treatment period, and then assessing 

(over 1,000 iterations) how often our DD and triple-difference regression models can detect these 

effects at the 90%, 95%, 99%, and 99.9% confidence levels (using two-tailed tests).  The goal of 

this analysis is to determine the minimum effect of health insurance on amenable mortality that is 

reliably detectable with our data and research design.   

The alternative of a closed-form power analysis requires fully modeling the data generating 

process, including parameterizing the error term for both variance and covariance terms, and is 

especially hard to construct with panel data in which observations can be correlated over time 

(Burlig et al., 2017).  A simulation using entirely artificial data has similar problems.  We therefore 

use simulation methods applied to real data. For example, our simulation approach builds in 

“noise” from non-parallel trends in the actual data; with a closed-form analysis we would have to 

model the level and form of these trends.  Our use of regression weights and clustered standard 

errors further contributes to the difficulty in producing a tractable and credible form for an analytic 

power calculation.  Simulation, applied to real data, avoids these challenges and lets us use the 

same research design and econometric specification as the main analysis (Burlig et al., 2017).   

Our simulation proceeds as follows. We exclude all data from the post-treatment period 

and use data from 2007-2013 rather than the 2009-2015 period used in our actual analyses. We 

then do the following 1,000 times: we randomly assign a pseudo-expansion status to 20 of the 41 

states in our final study (that either fully expanded or did not expand Medicaid). Thus, in each 

draw, 20 states are pseudo-treated and 21 are pseudo-control. In each case, we assume that the 

expansion occurred in 2012, giving us two years of post-expansion data for each pseudo-treated 

state.  
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For each randomly drawn set of pseudo-treated states, we impose a pseudo treatment effect 

of a reduction in amenable mortality (from 0% to 6%, in 0.25% increments) for all persons aged 

55-64 living in a pseudo-treated state.  We do this by randomly removing deaths from each pseudo-

treated county-year using draws from a binomial distribution.  For example, if a county-year has 

100 healthcare-amenable deaths and the imposed treatment effect is 0.5%, we remove each death 

with probability 0.005.  The expected number of remaining deaths is then 99.5, but the actual 

number must be a whole number and could be 100, 99, 98, etc.  Each imposed treatment effect is 

randomly distributed across the pseudo-treated states and across counties in each state. Thus, as in 

this example, it is unlikely that any pseudo-treated county will have its mortality rate decrease by 

exactly 0.5%, but the pseudo-treated counties will still experience the imposed treatment effect on 

average (subject to sample variation). 

Once we have introduced the artificial shocks, we run the DD model in eqn. (1) and save 

the regression coefficient and standard error.  The percentage of times a result is found to be 

statistically significant for a given effect size and significance level is the power for that effect size 

and significance level; a common threshold for a study to be deemed adequately powered is 80% 

power at a 95% confidence level. We similarly assess power using the DDD model in eqn. (4). In 

addition to statistical power, we also report three measures based upon Gelman and Carlin (2014) 

that inform the plausibility of any significant results obtained, given the study’s underlying power:  

the percentage of times a significant, estimated treatment effect has the wrong sign (opposite from 

the imposed effect; that is, a higher mortality in expansion states); in the subset of cases where a 

significant effect is found, the mean ratio of the estimated treatment effect to the true (imposed) 

effect (the exaggeration ratio); and the percentage of significant treatment effect estimates that 

have the correct sign and an exaggeration ratio below 2 (which we term a “believable” coefficient).  

VII. Principal Results 

We present full-sample results in this section, principally for adults aged 55-64 some 

limited results for adults in a broader 45-64 age group.  We first present univariate results, and 

then results from DD and triple difference models.  See the Appendix for similar results for all 

non-elderly adults.  In the Appendix, we assess whether we could obtain a better match between 
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treated and control states, and thus tighter confidence bounds, using synthetic control methods.  

We conclude that we cannot rely on these methods for inference due to poor pre-treatment fit.25   

A.  Univariate Graphical Evidence 

In Figure 1, we display trends in amenable mortality for the four state groups, for the full 

time period with available data (1999-2016).  We aggregate data to the state-group level using 

population weights, and show amenable mortality rates per 100,000 persons aged 55-64; Appendix 

Figure A-1 shows data for persons aged 18-64.  Several features of Figure 1 are important.  First, 

there are substantial differences in mortality rates across the state groups, although these are 

smaller between our principal comparison groups—the Full-Expansion vs. Non-Expansion States.   

Second, Figure 1 shows clear evidence of non-parallel pre-treatment trends.  Unless these 

differences are absorbed by the regression covariates (for our data, we show below they are not) 

or by our third difference (they partly are), any DD analysis is suspect.  More specifically, over 

2010-2016, mortality continues to decline in the Mild-Expansion and Substantial-Expansion 

states, but levels off in the Full-Expansion States and rises in the Non-Expansion States.  We also 

find non-parallel univariate trends for all non-elderly adults (Appendix Figure A-1). 

If one simply compares the post-treatment average difference in mortality rates for Non-

Expansion versus Full-Expansion States to a similar post-treatment average difference—as a 

simple DD regression does—it would appear that Medicaid expansion has a large, immediate 

effect in reducing mortality.  In fact, mortality rates for these two state groups diverge principally 

during the pre-treatment period.  There is little additional divergence during 2014-2016.  The 

simple DD coefficient is misleading, because it ignores the non-parallel pre-treatment trends.  One 

value of the power analysis presented below is to protect against finding spurious significance due 

to non-parallel trends.  The power simulation during the pre-treatment period treats pre-treatment 

trends as a source of additional noise, which reduces power.26 

[FIGURE 1 about here] 

                                                 
25  See Appendix Figures A-2 and A-3. 

26  A common robustness check, which provides some protection against DD results being driven by non-parallel, pre-

treatment trends, is to add linear unit-specific trends to a DD regression.  This can be effective in some cases, but 

requires a long pre-treatment period to estimate the linear trends and assumes a simple parametric (linear) form for 

those “trends.” 
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B.  Covariate Balance 

Appendix Table A-2 provides a covariate balance table showing means, and the normalized 

difference in means, between Full- and Non-Expansion states for the pre-expansion period of 

2009-2013. There are meaningful differences between the two state groups on a number of 

covariates, as well as on mortality (see Figure 1) and uninsurance rates.  In light of these 

differences, we reran the analyses reported below with ATT*population weights instead of 

population weights. Results are similar to those we present; see the Appendix.  We use the simpler, 

population-weighted results as our main specification, as they are more transparent. 

C.  Leads-and-Lags Results 

We turn next to leads-and-lags graphs, using equation (3).  Figure 2, Panel A, provides 

annual point estimates and 95% CIs over 2004-2015, for amenable mortality among persons aged 

55-64.  There is, as expected, strong evidence for non-parallel pre-treatment trends, with relative 

mortality improving in Full-Expansion States over 2007-2013.  There is also no evidence of a 

change in relative mortality in the first two expansion years.  In Appendix Figures A-10 and A-11, 

we provide leads-and-lags graphs for total mortality and non-amenable mortality, these also show 

no evidence of a significant treatment effect. 

[FIGURE 2 around here] 

The likelihood of finding credible evidence of causal effects weakens further when we 

compare the coefficient magnitudes in Figure 2 to plausible effect magnitudes for the full 

populations of the treated states, given the small first stage shown in Table 1.  Based on the prior 

research discussed in Part II, even a 10% effect of health insurance on mortality within two years 

would be large.  Yet a 10% reduction in mortality for the treated (newly insured), with a roughly 

1% first-stage (percent of the population treated), implies an average mortality reduction for all 

persons aged 55-64, and thus a DD coefficient of 0.001 (0.1%).  It is apparent from Figure 2 that 

this reduction would be undetectable; it would be far lower than the annual 95% CIs, and far lower 

than year-to-year relative changes in mortality in the pre-treatment period, which can be up to 20 

times as large (0.02 from year -2 to year -1).   

If we take 0.02 as the minimum detectable effect with one year of data and 0.001 as a large 

but perhaps plausible effect size coefficient, Figure 2 suggests that our study is underpowered by 

a factor of 20 (equivalently, the ages 55-64 population needs to be 400 times larger).  Adding one 
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or two more years of data (which should be possible in the near term) would help, but would not 

be adequate to overcome this issue.  We present a formal power assessment below, which is 

consistent with this qualitative discussion.   

In Figure 2, Panel B, we present a similar figure for amenable death rates for those aged 

65-74 to provide background for our triple-difference regression estimates. There is again evidence 

of non-parallel trends, with mortality dropping in Full- versus Non-Expansion states in the pre-

treatment period.  This suggests that the third difference (where we use 65-74 year olds as a within-

state control) can limit the non-parallel trends we saw in Figures 1 and 2A. 

Figure 2, Panel C provides triple-difference leads-and-lags results:  annual point estimates 

and CIs are for Full- versus Non-Expansion States and for the 55-64 versus 65-74 age groups.  

Non-parallel trends are muted, but standard errors are larger than in Panel A.  Moreover, there are 

still large year-to-year swings in relative mortality in the pre-treatment period, with a jump of 

around 0.02 from 2006 to 2007, and a similar jump from 2009-2010.  Figure 2C shows dips in 

relative mortality in Full-Expansion States in 2014 and 2015, but the magnitude is both much 

larger than the plausible causal effect of around 0.001 and too small to be statistically convincing, 

given the year-to-year variation we observe in the pre-treatment period. 

In Panel D, we present results from an age discontinuity specification that compares 

persons aged 55-64 to those aged 65-74 in the same state.  This specification exploits both sources 

of ACA insurance expansion, leading to a stronger first stage, and can be applied in both Full- and 

No-Expansion states.  We find, however, strongly non-parallel pre-treatment trends (rising relative 

mortality for those aged 55-64, compare Case and Deaton, 2015).  These trends are similar in both 

Full- and No-Expansion States (Appendix Figure A-4).  There is no evidence of a post-ACA 

change in this long-term trend. 

Our overall assessment is that the triple difference specification in Panel C is the best 

available in limiting the extent of non-parallel pre-treatment trends.  It remains suspect, however, 

because it depends on non-parallel trends in the three relevant double differences tending to offset 

each other in the pre-treatment period, with no basis for confidence that they would continue to do 

so in the treatment period. 

D.  DD and Triple-Difference Regression Results 

We next turn to regression analysis.  Table 2 shows results from DD regressions, following 

eqn. [1], with county and year FE and county population weights, separately for our principal 
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treatment group (ages 55-64) and the placebo group (ages 65-74). It also shows triple-difference 

results, following eqn. [4].  While both DD and triple-difference specifications are suspect because 

of parallel trends problems, non-parallel pre-treatment trends are less severe for the triple 

difference; thus our discussion focuses on those results.  We show separate results for healthcare-

amenable mortality, non-amenable mortality, and total mortality.  Even-numbered columns 

include the covariates noted above.  We present results for the 55-64 age group both because we 

expect the effects of health insurance to be higher for this group than for younger persons, and 

because we need to study a limited age band to pursue the triple-difference approach.  In the 

Appendix we estimate DD models that include younger ages for the treated population, with 

similar results.  We caution that these regressions assume flat pre-treatment trends, but we in fact 

observe a declining trend.  Given this trend, DD results will be biased toward finding a post-

expansion drop in mortality.   

In Table 2, in regressions with covariates, we find a statistically significant 1.8% post-

expansion fall in amenable mortality for those aged 55-64, with no significant change in non-

amenable mortality.  However, in addition to assuming parallel trends, these results are fragile.  

First, the coefficient on the Full-Expansion dummy is far too large to be credible.  Given our 

roughly 1.1% first stage, it implies an impossible 164% (1.8%/1.1%) reduction in amenable 

mortality among those who gain health insurance.  Second, for the placebo group (ages 65-74) and 

the placebo-outcome (non-amenable mortality), we observe a large, statistically significant rise in 

mortality.  Third, the triple-difference decline in mortality is far smaller, at 0.4% (although still 

implausibly large) and is not close to statistical significance.  Note too that the standard errors for 

amenable mortality are around 0.007 with covariates and rise to 0.008 in the triple-difference 

specification.  This implies a minimum detectable effect of around 0.014 to 0.018, which implies 

a 120-160% drop in amenable mortality for compliers.  This is further evidence the research design 

is severely underpowered.27 

[TABLE 2 around here] 

E.  Evidence on Heterogeneous Effects 

                                                 
27  If we expand the age range for the treated group to 45-64 instead of 55-64, the insignificant negative triple-

difference point estimate in Table 2 switches sign; see Table A-4.  Moreover, by broadening the age range, we weaken 

the logic behind using mortality for persons aged 65-74 as a third difference, yet we need that third difference to 

address non-parallel pre-treatment trends. 
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We conducted extensive additional analyses of the effects of ACA-induced insurance 

variation on mortality, focusing on vulnerable subgroups or particular causes of death.  These 

subgroups can potentially provide a stronger first stage, a stronger second stage, or both.  However, 

moving to subgroup analysis also reduces sample size. We consider subgroups based on gender, 

race/ethnicity, education level, specific cause of death, and county poverty and pre-ACA 

uninsurance rates.  We present and discuss these results in the Appendix. 

Our search for evidence of a significant effect of Medicaid expansion on mortality for 

particular subgroups also proves to be underpowered.  The discouraging conclusions we drew for 

the general adult population—no evidence of a statistically significant effect, and far too little 

power to detect effects of plausible magnitude—do not change.  Reduced power due to a smaller 

sample outweigh any gains from a larger first stage or a higher base mortality rate.  

Indeed, given the problems we found for the full sample, with both non-parallel trends and 

low power, these analyses have the flavor of beating (or, perhaps, seeking to revive) a dead horse.  

We find no success here.  Most regression coefficients are insignificant.  When significance is 

found (for Non-Hispanic Blacks and for Hispanics, see Appendix Table A-3), there are other 

factors that cut against a causal interpretation, including non-parallel pre-treatment trends and 

coefficients of implausible magnitudes given the weak first stages.   

VIII.  Power Analysis 

We return to our conceptual framework of the chain of events by which insurance 

expansions may affect mortality, and discuss the conditions under which studies of the ACA using 

death certificate data could establish a connection between health insurance and mortality.  

A.  An Illustrative Example 

Suppose first that out of 100,000 individuals aged 55-64, half became newly insured. By 

how much would the likelihood of death within 2 years have to change for us to find that change 

to be statistically significant?  The annual amenable mortality rate in this group is around 600 per 

100,000 per year (Appendix Table App-2), if insurance were to reduce the probability of death by 

25% among the newly insured, then insuring 50,000 individuals among 100,000 individuals would 

reduce the expected number of annual deaths by 75 (0.5*0.25*600) to 525.  In expectation, a DD 
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regression should show a 25% reduction in mortality rate.28  But there will also be random variation 

in mortality.  If mortality events are independent, the expected standard deviation (σ) of 

mortality/100,000 persons will be around 24,29 and the expected t-statistic will be 3.07.  

Now assume that there is random “external” variation in state-level mortality rates, with a 

standard deviation of around 2% per year (±12 deaths per year.  As we show below, this is a 

reasonable level for our data.  If this source of variance is independent of that due to health 

insurance, expected total variance will be 596 (from random mortality events) + 144 (from external 

variation) = 740, expected standard deviation will be around 28 and the expected t-statistic will be 

2.76 – lower but not dramatically so.30  The large effect of health insurance swamps the additional 

“noise” from other sources of variation in mortality. 

Now assume that the background noise remains the same, but only 5% of the population is 

treated, and the mortality reduction for the newly insured is 10% instead of 25%.  The expected 

population average treatment effect is now a reduction in the mortality rate of 3 (0.05*0.1*600) to 

597.  The standard deviation in the number of expected deaths remains the same, so the expected 

t-statistic will be only 3/28 = 0.11.  To bring this t-statistic up by a factor of, say, 20 to 2.2, one 

might initially imagine we would need a sample 400 times as large – 40 million people.  

However, as sample size increases, the variance in mortality rate due to independent 

mortality events falls by the usual factor of n1/2.  With a hypothetical sample of 40 million, the 

variance in the mortality rate (per 100,000 persons) would be 594/20 ≈ 30.  But the variance due 

to external state-level mortality shocks will not fall and will dominate expected total variance, 

which will be 30  + 144 = 174; implying expected (σ = 13.2; t = 0.23). 

This, in a nutshell, is the power problem we face.  With a weak first stage, and a moderate 

second stage, even a very large sample cannot overcome the confounding effect of external 

variation in mortality rates.  If that external variation is independent across states, then having 

more treated and control states will help but only somewhat. For example, if we had 20 treated 

states and 20 control states, all of equal size, the combined external variance for both groups would 

                                                 
28  The expected coefficient in a regression, such as those we run, with ln(mortality rate +1) as the dependent variable 

should be around -0.22 

29  This uses the standard formula for the variance of a binomial distribution with probability Var = n*p(1-p).  For n 

100,000 and p = .006, Var = 596 and σ = Var0.5 = 24.42. 

30  Variances due to independent sources add so Vartot = 596 + 124 = 740, and σtot = Vartot
0.5 = 27.56. 
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be (144/20) + (144/20) = 14.4; expected total variance would be around 44, implying expected (σ 

= 6.64, t = 0.45).  If the treatment effect of health insurance on mortality were felt immediately 

then more years of data would help, but only somewhat, given that state-level mortality shocks are 

likely to persist over time.  For example, 3 years of data, variance due to random arrival of deaths 

would fall to 29.7/(31/2) = 17.1, but if state shocks are persistent, total expected variance will be 

17.1 + 14.4 = 31.5; implying expected (σ = 5.62; t = 0.53).  Having a first stage lower than 5% -- 

as we do -- will only exacerbate matters.   

Thus, this example illustrates that a full-sample effect size on the order of a 0.5% reduction 

in mortality (hence an expected regression coefficient around - 0.005 in the log-linear specification 

we use) will not be detectable. Our power analysis formalizes this intuition, and shows that for 

plausible effect sizes, the effect of ACA Medicaid expansion on mortality is too small to be 

captured using death certificate data, unless that data can be linked to income data and insurance 

data, thus permitting a much larger first stage.  We also show below that given lower power, one 

should be cautious in interpreting any statistically significant results from studies such as ours, 

even if parallel trends assumptions appear satisfied.   

B.  Available First-Stages 

An initial question for our power analysis is what first stage one could realistically achieve 

with better data.  Our full-sample first stage is similar to that in other ACA Medicaid expansion 

studies.31  From SAHIE data, the first stage for low-income, Medicaid-eligible adults (income < 

138% of FPL, age 50-64) is around 5.3%.  We also saw above that the first stage for low-educated 

adults is around 4%.32  Thus, around 5% is likely as large a first stage as one can achieve without 

linked individual data on some combination of income, family status (children at home), pre-

expansion insurance, and mortality.33  ACA-derived insurance gains were somewhat smaller 

among the near elderly (on whom we focus) than among younger adults, perhaps because the near-

                                                 
31 Long et al (2014), using data from 2013-2014, find a 5.8% drop in uninsurance in expansion states vs 4.8% in non-

expansion states, between 2013 and 2014, implying a 1.0% first stage. Smith and Medalia (2015) find a 3.4% reduction 

in uninsurance for all persons aged 0-64 in expansion states vs 2.3% in non-expansion states, hence a 1.1% first stage. 

32 Kaestner et al. (2015) estimate a similar 3% first-stage for low-educated adults, age 19-64.   

33 Wherry and Miller (2016), use income data from the National Health Interview Survey to isolate persons with 

incomes < 138% of FPL and find a 7% relative increase in insurance rates from 2010 to 2H2014 low-income persons 

aged 19-64; compare the 5% increase from 2013 to 2014 we find using SAHIE data.  Simon et al. (2017) combine 

income data with childless status and find a 10% increase for childless adults age 19-64, with incomes < 100% of FPL 

and no children at home in 2014-2015, relative to a 2010-2013 baseline. 
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elderly have greater healthcare needs and greater income, which led many to obtain insurance pre- 

ACA.34 

We present power calculations below for the aged 55-64 population (around 29M persons, 

14M in treated states), and also for our triple-difference specification.  The first stage for the closest 

population for which we have data, persons aged 50-64, is around 1.1% (see Appendix Table A2).  

A 10% reduction in mortality for the newly insured, as large a near-term effect as we consider 

plausible, thus corresponds to a 0.012% reduction in mortality for all persons in this age group.  

The upper end of the 95% CIs from Finkelstein and McKnight (2008) and Card, Dobkin and 

Maestas (2004) imply an even lower mortality decline, bounded at 0.004%. 

To put these numbers in context, Medicaid expansion led to around 170,000 more people 

gaining health insurance in Full-Expansion States (0.0012 * 14.1M) relative to non expansion 

states.  If the mortality of the newly insured would have been similar to all persons in this age 

range but for Medicaid expansion, about 0.6% would have died each year (about 1,000 persons), 

and a 10% reduction in mortality would save around 100 lives annually.  We cannot directly 

measure the relative mortality of the uninsured with our mortality data, but Black et al. (2017) 

provide evidence from the Health and Retirement Study that mortality for uninsured persons in the 

HRS population (initial age 50-61, so similar to the group we study) was similar to mortality for 

insured persons.35 

The power challenge is to find statistically significant evidence for a fall in mortality of 

100 persons (or less), in a combined treated and control population of around 29M, with 170,000 

annual deaths.  As we show below, that challenge cannot be met without individual level data on 

personal characteristics (income, family status, pre-ACA insurance and health status), sufficient 

to greatly increase the first stage, linked to mortality data.  Even with that data (not currently 

available), one would need a very large sample of newly insured persons and similar controls. 

                                                 
34  Appendix Figure A-25, reproduced from the American Community Survey (ACS), shows the ACA-related change 

in uninsurance rates by age. 

35  Black et al. (2017), Table 2 calculates mortality differences in the manner most appropriate for these comparisons; 

the uninsured (aged 50-61) have higher mortality than the privately insured, but lower mortality than the publicly 

insured, leading to similar overall mortality between insured and uninsured over two- and four-year observation 

periods.  To put these estimates in the context of prior literature, Galea et al 2011 reports that mortality for poor non-

elderly adults is 75% higher than for the non-poor but does not report mortality differences for poor uninsured vs poor 

insured, which is the relevant comparison for our study.  Kronick (2009) finds a 1.20 mortality hazard ratio for the 

uninsured versus the privately insured over a 14-year followup period after controlling for income (but does not 

compare the uninsured to the publicly insured).  
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C.  Full Sample Power Simulation Results  

To investigate the minimum effect that our main DD and triple-difference specifications 

can detect, we perform the power exercise outlined in Section VI B.  Figure 3 illustrates the results 

from our power simulation, using the amenable mortality rate for all persons aged 55 to 64 as the 

dependent variable.  The simulation uses data from 2007-2013, and a pseudo-shock applied on 

January 1, 2012, to states chosen at random from our actual treated and control states. 

Panel A shows DD results and Panel B shows triple-difference results, using the same 

regression models as in Table 2.  The DD results indicate that to achieve 80% statistical power 

(finding a significant effect at least 80% of the time), the minimum detectable population average 

treatment effect size at the 95% confidence level is a mortality reduction of 1.8% for the DD and 

for the triple-difference simulation. Below, we focus on the triple-difference results, which we 

prefer because they are less subject to concern with non-parallel trends.  A 1.8% fall in overall 

amenable mortality, given the roughly 1.1% first stage, implies that Medicaid expansion would 

have to reduce the average amenable mortality rate of all newly insured persons by (.018)/(.011) 

= 163%.  If we apply a stricter significance standard, to account for specification error, 

specification searches, and file-drawer bias, the minimum detectable effect will be substantially 

higher – Figure 3 also shows power curves for the 99% and 99.9% and confidence levels. 

The minimum detectable effect can also be framed in terms of lives saved.  The 1.80% 

reduction in mortality needed for 80% power and 95% confidence translates into about .0180 * 

14.1M * .006 = 170,000 = 1,522 annual deaths – almost 20 times the maximum plausible effect.   

[Figure 3 about here] 

The power analysis assumes that the underlying mortality rate of the newly Medicaid 

insured is similar to other persons aged 55-64.  The actual rate could be higher (the newly insured 

tend to be low income, and thus higher mortality), or lower (the disabled are already insured, those 

in poor health could be more likely to already have insurance, and the first stage is lower for men, 

who have higher mortality rates than women), but is unlikely to be radically different.  By 

comparison, Finkelstein et al. (2012, Table IX) study a likely lower-income, less-healthy 

population (persons who applied for the Oregon Medicaid expansion lottery), and report annual 

total mortality for the controls of 0.008, which is similar to the average total mortality rate we find 

for persons aged 55-64 in both Full-Expansion and Non-Expansion States.  Power is also similar 
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if we weight states equally, rather than by population; this increases the first stage to around 2%, 

but increases noise by giving more weight to smaller states. 

“Power” also has peculiar properties, in the situation we face, where plausible effect sizes 

are small relative to those one can reliably detect.  This implies both that: (i) the estimated effect 

is likely to greatly exceed the true effect; and (ii) there is an important risk that the estimated effect 

has the wrong sign (opposite from truth).  Gelman and Carlin (2014) therefore recommend 

reporting two measures of plausibility in addition to power, the wrong-sign-likelihood and the 

exaggeration-ratio.  Ioannides et al. (2017) report evidence that much economics research and thus 

prone to these concerns.  We illustrate these problems in Figure 8.   

In Figure 4, Panel A, we show the ratio of the magnitude of the estimated effect (when found 

to be statistically significant) to the “true” magnitude, imposed in the simulation.  For population 

effect sizes under 1% (recall that a 10% mortality reduction for the newly insured implies a 

population effect around 0.1%) the exaggeration ratio is high – an effect which is large enough to 

be statistically significant is likely to be far from truth.  In Panel B we show the proportion of 

statistically significant results that have the wrong sign.  This proportion is also appreciable for the 

smaller population effect sizes. As we increase the imposed population effect size, the wrong-sign 

problem shrinks, and is negligible for effect sizes s above 1%; the exaggeration ratio also shrinks, 

but more slowly.  

[Figure 4 around here] 

As we discussed in Section A, one important source of “noise,” captured in the power 

simulations but assumed away in DD regressions, is non-parallel mortality trends across states.  

We illustrate that concern in Figure 5.  For this figure, we use a DD model, continue to use data 

from 2007-2013, apply a pseudo-shock to amenable mortality on January 1, 2012, but this time to 

one state at a time, treating all others as controls.  We show a scatter plot of the DD estimates for 

each state of the change in amenable mortality, from regressions otherwise similar to those used 

for Table 2, versus ln(state population in 2012).  We also superimpose a regression line showing 

the best linear fit between the point estimates and ln(population). 

It is apparent from Figure 5 that for single states, it is common to find pseudo-treatment 

effects of 2% or more, with a fair number of states showing pseudo-effects of 4% or more, and 

Montana and Mississippi showing pseudo-effects around 6%.  There is also a tendency for larger 
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states to have better mortality trends than smaller states over 2012-2013, shown by the negative 

slope of the best-fit line. 

[Figure 5 around here] 

D.  Power for Vulnerable Subgroups 

We also conducted power analyses for the demographic, education, and cause of death 

subsamples discussed above, and report results in the Appendix.  Power is generally similar to, or 

lower than, that shown in Figure 3.  Smaller sample size, which reduces power, offsets the effect 

of the modestly larger first stages, which are all we can achieve.  And the effect of non-parallel 

trends, in reducing power, remains. 

E.  What Data Would Be Needed for Reasonable Power? 

We turn in this section to a different question – what combination of a stronger first stage 

and a reduction in amenable mortality for the newly insured would be detectable with reasonable 

power, if we could use a richer dataset, with data on mortality linked to data on income and family 

status (to determine eligibility for expanded Medicaid coverage) and pre-ACA insurance status (to 

exclude the always-insured from the sample).  This hypothetical data would improve the first stage 

and bring it toward (or even above) the 5% one could obtain by studying only adults with incomes 

< 138% of FPL, or the 10% in Simon et al. (2017) for childless adults with incomes < 100% of 

FPLs.  We consider the triple-difference design, which has similar power to DD and does a better, 

although imperfect job, of addressing non-parallel trends. 

In this scenario, we imagine that we can identify in each county both a treated subsample 

and a similar control subsample, both aged 55-64.  For example, if the treated subsample is 

childless adults with income < 138% of FPL, the within county control subsample could be 

childless adults with incomes from 138% to 250% of FPL. We assume hypothetical first stages 

varying from 1% to 15% and hypothetical second stages varying from 0% to 10%. For, say, a 5% 

first stage and a 10% second stage, we assign “insurance due to Medicaid expansion” to 5% of the 

persons in a “5% first stage” subsample of each expansion county, and then remove 10% of the 

amenable mortality deaths from the treated persons in this subsample (thus applying an overall 

mortality reduction to the subsample of .005).  We again use data from 2006-2013 and a pseudo-

treatment at Jan. 1, 2011, and assess whether we could detect this mortality effect if we did not 

know which specific individuals within this subsample would have gained insurance due to this 
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pseudo-treatment.  Since the treated and control samples are drawn at random from the same 

county and age range, they have the same expected mortality rates, by construction.36 

We assume that with the hypothetical data, (i) researchers can identify the subsample 

members, and (ii) all effects of Medicaid expansion on uninsurance rates are concentrated in the 

subsample we consider.  Thus, in our 5% first stage/10% second stage example, we assume that 

the entire Medicaid-expansion-related relative drop in uninsurance –170,000 persons in Full-

Expansion States -- comes from this subsample.  This defines the subsample size at 170,000/.05 = 

3.4M treated persons, and a similar number of controls.  

In Figure 6, we show power curves only for the 95% significance level.  We vary (i) the 

assumed first stage (we show curves for 1%, 3%, 5%, 10%, 15%, and 20% first stages) and (ii) the 

imposed mortality reduction for the newly insured (from 0% to 10%) for the 5% significance level. 

With this hypothetical richer data, we need a smaller number of avoided deaths to be able to 

reliably detect a treatment effect.  For example, with a 10% first stage, we could reliably detect 

mortality reductions of 2.4% or more in this subsample, or around 1,563 annual deaths.  This is 

only slightly below the number of deaths we could detect in the full sample; thus, this hypothetical 

study remains severely underpowered.  Recall that with a 10% second stage, we expect around 

100 fewer annual deaths among those who actually gain insurance. 

F.  Implications of Power Analysis for Other Studies 

While our exact simulation approach for understanding the minimum detectable effect is 

specific to our dataset and research design, a similar approach can be used in many other studies.  

We offer here four examples of why we believe power analyses such as ours, including an 

assessment of the minimum detectable effect and whether that effect size is plausible, can be 

broadly valuable in quasi-experimental research.   

First, our power analysis can be usefully compared to the results in Finkelstein et al. (2012), 

who study the Oregon Health Insurance Experiment.  With a sample of 75,000 people and a 

roughly 25% first stage among people who signed up for the Oregon Medicaid lottery, who were 

                                                 
36  For small subsamples, there are many county-years with zero deaths in smaller counties.  The log transform we use 

(yit = ln((deaths)/100,000 persons)+1) can produce substantial bias when there are many zero-death observations but 

most non-zero death rates are large (because we multiply the fractional rate by 100,000), which can lead to 

underestimating statistical power.  We therefore use a linear model in conducting power analysis for specifications 

that examine small sub-groups, and thus have many county-level observations with zero deaths. 



 

 

34 

randomly offered Medicaid or assigned to control, the study reports a large point estimate for the 

near-term effect of receiving Medicaid on mortality of around 13%, but a t-statistic only around 

0.5.  This implies that the sample was undersized, even for that large point estimate, by a factor of 

around 16 –a sample of 1.2M people (with 300,000 newly insured) would be needed to reliably 

find a 13% effect on mortality – and a sample of 8M people (with 2M newly insured) to find a 5% 

effect.37  Yet, from SAHIE data, the number of people in Full-Expansion states aged 50-64, with 

income < 138% of FPL is around 3.4M, and the first-stage for this group is around 5.3%, hence 

around 180,000 newly insured due to Medicaid expansion relative to non expansion states.  Thus, 

even if we could link mortality and income data at the individual level, and focus on the income 

range eligible for Medicaid (< 138% of FPL), power to detect mortality effects would be low. 

Second, our analysis of power to detect the effect of health insurance on non-elderly adult 

mortality has direct implications for other DD studies of the effect of insurance expansions on 

adult mortality.  We provide a back of the envelope calculation here, for example for SLB (2014), 

who report a statistically significant near-term decline in adult mortality following the 

“Romneycare” health insurance expansion in Massachusetts in 2006.  Massachusetts has a 

moderate sized population (6.55M in 2017; 14th among all states).  Kolstad and Kowalski (2012) 

find a first stage insurance gain of 5.6%.  The DD effect estimate in SLB – a 4.5% drop in amenable 

mortality by two years after reform –implies an 80% drop in amenable mortality for compliers. 

To assess power, we build on Kaestner’s (2016) replication of SLB (2014), in which he 

finds that their results are insignificant, using randomization inference to estimate confidence 

intervals.38  We used Kaestner’s code to compute the minimum effect size in their analysis with p 

< .05 (95% confidence). This minimum effect is 6.9%.  The minimum detectable mortality decline 

for the newly insured, implied by this minimum effect size, is 6.9%/5.6% = 123%.   

In two more examples, we turn to recent work by two of us, in separate projects.  Soni et 

al. (2018a) report that Medicaid expansion predicts a 2.4% relative drop in the fraction of people 

with cancer who are uninsured.  They cannot measure the drop in uninsurance among those with 

undiagnosed cancer, whose baseline uninisurance rate is likely higher.  Soni et al. (2018b) report 

                                                 
37  By comparison, the population in 2013 aged 50-64 with income < 138% of FPL was around 3.4M in Full-Expansion 

states and 4.1M in No-Expansion states, but the first-stage for this group is around 5%, well below the 25% in the 

Oregon Health Insurance Experiment. 

38  We thank Robert Kaestner for providing his Stata code, which we used in our analysis. 
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a 6.4% increase in diagnoses of early-stage cancer, but do not discuss plausible effect sizes or 

minimum detectable effects.  What first stage would be needed among those with undiagnosed 

cancer to make a 6.4% increase in early diagnoses plausible?  A back of the envelope calculation 

using their reported 95% CI suggests a standard error of around 2% and thus an MDE for early-

stage cancer diagnoses of around 4%. 

Pines et al. (2016) find no evidence that Medicaid expansion predicts a significant increase 

in ED visits; their point estimate is a 0.6% drop in expansion states, relative to non-expansion 

states.  They do not discuss the first stage (the relative drop in ED visits by uninsured persons), 

but from their Appendix, one can determine that the first stage is around 6.7%.  Twice their 

standard error is .018, and .018/.067 = 0.27.  This implies that if the only reason for change in ED 

visit rates were gaining insurance, the 95% CI around their point estimate implies a [-36%, +18%] 

change in ED visits by the newly insured.  There is still no evidence of a higher visit rate by the 

newly insured, and the upper end of the 95% CI is still well below the +40% point estimate from 

the Oregon Health Insurance Experiment, but it one cannot rule out a fairly large increase in ED 

visits by the newly insured.  

X.  Discussion 

In this paper, we examine the relationship between mortality and health insurance, 

principally using the DD research design used in many prior ACA studies. This design exploits 

the natural experiment created by variation between those states that expanded Medicaid insurance 

and those that did not. We also exploit variation that results from counties having varying 

uninsurance or poverty levels prior to 2014. We focus on persons aged 55-64 years, whose 

mortality rates are the most likely to be affected by health insurance.  We study effects of the first 

three years after expansion by type of mortality (healthcare amenable vs non amenable), 

demographics (gender, race, and ethnicity), education level, cause of death, and residence in 

counties most likely to gain from the ACA expansion).   

We find large confidence intervals with no statistically significant evidence of an ACA-

induced decline in mortality in Medicaid expansion states.  Instead, there are important non-

parallel pre-treatment trends, and standard errors are far too large to allow detection of effects of 

plausible sizes.  We confirm lack of power through a formal, simulation-based power analysis. 

While it is possible that the mortality effect of the ACA health insurance expansion 

variation we study may materialize with more time, other factors make it unlikely they too could 
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be statistically detected; lengthening the study period would increase likelihood that other sources 

of variation, including cross-border moves, the instability of insurance status over time, and the 

underlying causes of the non-parallel pre-treatment trends we observe, will pose challenges for 

credible causal inference.  Moreover, our power analysis implies that an extra few years would 

still be insufficient to attain reasonable power, given plausible effect sizes.   

We end with a discussion of the data needed to push forward the literature on the health 

outcome effects of health insurance. Large-scale data sets that include individual-level data on 

income, insurance, baseline health status, and mortality are essential.  Income and prior insurance 

information would permit a substantially larger first stage.  Baseline health data would provide a 

more sensitive second stage, and might also permit analysis limited to health-vulnerable 

subpopulations, provided that one still has reasonably sized samples.  At the same time, given the 

power concerns we identify, studies of the health effects of health insurance should include efforts 

to assess the first stage, estimate reasonable magnitudes for treatment effects, and conduct a power 

analysis.   
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Table 1. Full Expansion; Substantial Expansion; Mild Expansion, and No-Expansion 

states, and % Uninsured for Selected Years  

Table shows expansion status of each state (including D.C.). Treatment group is Full Expansion states and control 

group is No-Expansion states, for these states, table shows expansion date if other than Jan. 1, 2014. For “substantial” 

and “mild” expansion states, table shows year of significant prior Medicaid expansion.  Summary rows give either 

equal weight to all states in each expansion group, or population weight, as indicated.  See Appendix Table A-1 for 

additional details and sources for each state’s expansion status.  Uninsurance rates are from SAHIE data. 

State Expansion 

Date 

% uninsured (age 50-64) change in % unins. 

(2013-2016)  2013 2014 2016 

Full Expansion  13.7 9.4 6.4 7.3 

Pop. weighted  13.4 9.4 6.3 7.1 

Alaska Sep 2015 19.1 17.2 13.8 5.3 

Arizona1  17.6 13.1 10.0 7.6 

Arkansas2  16.5 11.3 6.9 9.6 

Colorado3  13.6 9.2 6.7 6.9 

Illinois  14 9.8 6.3 7.7 

Indiana Feb 2015 12.9 11 7.5 5.4 

Iowa4  7.7 5.9 3.9 3.8 

Kentucky  14.4 7.5 4.8 9.6 

Maryland  10 7.2 5.2 4.8 

Michigan Apr 2014 11.4 8.2 5.1 6.3 

Montana Jan 2016 18 14.4 9.2 8.8 

Nevada  19.8 14.3 10.5 9.3 

New Hampshire Aug 2014 11.6 9.7 6.2 5.4 

New Jersey5  13.1 10.8 7.1 6.0 

New Mexico  19 15 9.8 9.2 

North Dakota  9.6 6.9 5.2 4.4 

Ohio  12.3 8.3 5.6 6.7 

Oregon6  15.3 9.6 6.4 8.9 

Pennsylvania Jan 2015 9.5 7.7 5.0 4.5 

Rhode Island  11.2 6.2 3.4 7.8 

Washington5  13.1 8.2 5.7 7.4 

West Virginia  14.5 8.9 5.9 8.6 

Substantial Expansion 10.3 7.1 4.8 5.5 

Pop. weighted 15.0 10.3 6.4 8.6 

California5 2010 18.1 12.3 7.4 10.7 

Connecticut5 2010 9.7 6.2 4.4 5.3 

Hawaii7 1994 7.3 5.5 4.1 3.2 

Minnesota5 2010 7.3 5.1 3.6 3.7 

Wisconsin8 2009 9.1 6.6 4.7 4.4 

Mild Expansion  7.6 5.7 4.0 3.6 

Pop. weighted  8.6 6.8 4.6 4.0 

Delaware9 1996 9.5 7.2 5.2 4.3 

Dist. of Columbia5 2010 6.7 5.2 3.2 3.5 

Massachusetts10 2006 3.5 3 2.5 1.0 

New York11 2001 10.4 8.2 5.4 5.0 

Vermont12 1996 7.9 5 3.7 4.2 

Non Expansion  15.2 12.7 10.2 5.0 

Pop. weighted  16.5 13.7 11.0 5.4 
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State Expansion 

Date 

% uninsured (age 50-64) change in % unins. 

(2013-2016)  2013 2014 2016 

Alabama  13.4 11.6 9.5 3.9 

Florida  22 17.9 13.8 8.2 

Georgia  18.2 15.2 12.5 5.7 

Idaho  17.1 12.9 11.5 5.6 

Kansas  11.8 9.7 7.8 4.0 

Louisiana Jul 2016 17.8 15.6 10.8 7.0 

Maine  12.5 11 8.7 3.8 

Mississippi  18.8 15.4 13.1 5.7 

Missouri  13.3 10.3 8.9 4.4 

Nebraska  10.7 8.8 7.8 2.9 

North Carolina  15.8 12.6 10.5 5.3 

Oklahoma  18.1 15.6 13.9 4.2 

South Carolina  17.1 13.7 10.9 6.2 

South Dakota  11.3 9.3 8.8 2.5 

Tennessee  15 12.7 9.4 5.6 

Texas  21 17.4 15.5 5.5 

Utah  13 11.3 8.8 4.2 

Virginia  12.3 10.8 8.3 4.0 

Wyoming  13.3 12.7 11.5 1.8 

National  13.5 10.4 7.7 5.8 

Pop. weighted  14.6 11.2 8.3 6.3 
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Table 2: DD and Triple-Difference Estimates: Effect of Medicaid Expansion on Mortality 

County-level regressions, with county and year FE and population weights, of ln((mortality/100,000 persons)+1) over 

2009-2016 on full-Expansion dummy (=1 for Full-Expansion States in expansion years; 0 otherwise), and covariates 

(same as in Figure 2, used in even-numbered regressions.  Third difference (regressions (5)-(6)) is ages 55-64 

versus aged 65-74. Standard errors use state clusters.  *.**, *** indicates statistical significance at the 10%, 5%, and 

1% levels, respectively; significant results at 5% level or better in boldface.  

 DD DD 
Triple diff. 

55-64 years 65-74 years 

(1) (2) (3) (4) (5) (6) 

Healthcare Amenable Mortality       

Full Expansion Dummy 
-0.018** -0.018** -0.013** -0.008 -0.015** -0.004 

(0.009) (0.007) (0.006) (0.006) (0.006) (0.006) 

Full Expansion Dummy x Age 55-64 Dummy 
        -0.002 -0.004 

        (0.009) (0.008) 

Non-amenable Mortality       

Full Expansion Dummy 
0.016 0.010 0.021** 0.020** 0.019* 0.027*** 

(0.010) (0.009) (0.010) (0.009) (0.010) (0.009) 

Full Expansion Dummy x Age 55-64 Dummy 
        -0.002 -0.006 

        (0.013) (0.011) 

All Mortality       

Full Expansion Dummy 
-0.006 -0.009 -0.003 -0.001 -0.006 0.004 

(0.008) (0.006) (0.005) (0.005) (0.005) (0.005) 

Full Expansion Dummy x Age 55-64 Dummy 
        0.000 -0.003 

        (0.008) (0.007) 

County Population Weights Yes Yes Yes Yes Yes Yes 

Year and County FE Yes Yes Yes Yes Yes Yes 

Covariates No Yes No Yes No Yes 

Observations 22,464 22,464 22,464 22,464 44,928 44,928 

Full Expansion Counties 9,400 9,400 9,400 9,400 18,800 18,800 

Full Expansion Population (2013) 14.7M 14.7M 9.3M 9.3M 24.0M 24.0M 

Non-Expansion Counties 13,064 13,064 13,064 13,064 26,128 26,128 

Non-Expansion Population (2013) 14.5M 14.5M 9.7M 9.7M 24.1M 24.1M 

 

  



 

 

45 

Figure 1.  Time Trends in Amenable Mortality for Persons Aged 55-64 

Figure shows amenable mortality rate for persons age 55-64 for Full-Expansion, Substantial Expansion, Mild 

Expansion, and Non-Expansion States, over 1999-2016, using county population weights.  State groups are defined 

in Table 1. Vertical line separate pre-expansion from expansion period. 
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Figure 2.  Leads-and-Lags Results for Ages 55-64 and 65-74, Amenable Mortality  

Graphs from leads and lags regressions of ln((amenable mortality/100,000 persons)+1) for Full-Expansion States 

versus control group of Non-Expansion States, over 2004-2016 are shown in panels A (age 55-64) and B (age 65-74). 

Panel C shows triple difference results, with age 55-64 versus 65-64 as the third difference. Panel D shows age 

discontinuity results, comparing age 55-64 to age 65-74 with state (both Full and No-Expansion States together.  

Covariates are listed in paper.  Regressions include county and year FE, and county-population weights.  y-axis shows 

coefficients on lead and lag dummies; vertical bars show 95% confidence intervals (CIs) around coefficients, using 

standard errors clustered on state.  Coefficient for year -3 is set to zero. 

Panel A. Amenable Mortality for Ages 55-64 
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Panel B.  Amenable Mortality for Ages 65-74 

 
 

Panel C.  Triple difference.  Leads and lags graphs for amenable mortality for persons age 55-

64 in Full-Expansion States, relative to (i) persons age 65-74 in Full-Expansion States, and (ii) 

persons age 55-64 in Non-Expansion States. 
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Panel D. Age Discontinuity.  Leads and lags graphs for amenable mortality among persons aged 

55-64, versus those aged 65-74 old in Full and No-Expansion States. 
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Figure 3: Simulation-Based Power Analysis 

Power curves for simulated Medicaid expansion, as of January 1, 2012, applied to persons aged 55-64 during pre-

treatment period (2007-2013).  Graphs show power (likelihood of detecting a statistically significant effect on 

amenable mortality, at the indicated confidence levels, for two-tailed test), given imposed “true” population average 

effect.  Curves are based on 1,000 replications of the DD and triple difference regressions models used in Table 2.  In 

each draw, we select 20 pseudo-treated states at random from the combined set of 41 treated and control states, and 

remove a fraction of the observed deaths at random from the treated states, where the fraction removed corresponds 

to an assumed true treatment effect, and vary the imposed treatment effect from 0-5% in increments of 0.1%.  Curves 

for α = .10/.05/.01/.001 correspond to 90%/95%/99%/99.9% confidence levels, respectively. Dashed vertical line 

shows MDE. 

Panel A.  DD Analysis 

 

Panel B.  Triple Difference Analysis 
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Figure 4.  Power Analysis Extensions:  Exaggeration Ratio and Likelihood of Wrong Sign 

We conduct the same power analyses as in Figure 3 and then plot, for the instances in which a statistically significant 

effect is found at the indicated confidence levels, the ratio of |estimated effect|/imposed true effect (“exaggeration 

ratio”) (Panel A), and the likelihood that the sign of the estimated effect is opposite from the imposed true effect.  

Curves for α = .10/.05/.01/.001 correspond to 90%/95%/99%/99.9% confidence levels, respectively.  Dashed vertical 

line shows MDE. 

Panel A.  Exaggeration Ratio (Triple Difference) 

 

Panel B.  Probability that Estimated Effect, if Significant, Has Wrong Sign (Triple Difference)
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Figure 5.  Pseudo-Shocks to Individual States in 2012-2013 

Scatter plot of pseudo-treatment effects for individual Full-Expansion and No-Expansion states, using a sample 

period of 2007-2013 and a pseudo-shock to that state at Jan. 1, 2012, using the remaining Full- and No-Expansion 

states as a control group.  Treatment effects are estimated using the DiD model as in Table 2.  Downward sloping 

line is regression line for regression of pseudo-treatment effect on ln(state population in 2012) and constant term.
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Figure 6.  Simulation Based Power Analysis with Known Mortality Status of Decedent 

Power curves for simulated Medicaid expansion, as of January 1, 2012, applied to persons aged 55-64 during pre-

treatment period (2007-2013). Graphs show power (likelihood of detecting a statistically significant effect on 

amenable mortality, at the indicated confidence levels, for two-tailed test), given imposed “true” population average 

effect.  Curves are based on 1,000 replications of a triple difference specification. In each draw, we select 20 pseudo-

treated states at random from the combined set of 41 treated and control states. We further break each county into a 

treated and untreated population. We remove a fraction of the observed deaths at random from the treated states and 

treated portions of each county, where the fraction removed corresponds to an assumed true treatment effect, and vary 

the imposed treatment effect from 0-5% in increments of 0.1%.  Curves for α = .10/.05/.01/.001 correspond to 

90%/95%/99%/99.9% confidence levels, respectively. All control variables and standard errors are as in Table 2. 
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Appendix  

 

A1. Synthetic Control Results 

We sought to assess whether we could obtain a better match between treated and control states, 

and thus tighter confidence bounds, using synthetic control methods.  We used two approaches.  In the 

first, we combined the Full-Expansion States into a single treated unit and used usual synthetic control 

methods (Abadie, Diamond, and Hainmueller, 2010)1 to construct a synthetic match using the Non-

Expansion States as donor states.  We report results in Figure A-2, and report the weights on donor states 

in Table A-12.  

The synthetic control approach minimizes the difference between the pre-treatment mortality 

rates of the treated states and a weighted combination of the Non-Expansion States. However, the 

maximum difference between the two series is still sizeable, at around 0.02 in 2007.  Moreover, visually, 

a large gap arises in 2013. Thus, this approach fails to create a close enough match in 2013 for this 

method to produce a satisfying solution to our concern with non-parallel trends. We were not persuaded 

that, for our data, the synthetic control approach is an improvement over the triple-difference design.2 

We also considered an extension of the synthetic control strategy, following Xu (2017).  Xu’s 

“generalized synthetic control (gsynth)” method generates a separate synthetic control for each full-

expansion state, drawn from the non-expansion states. One can then conduct DD analyses on the 

resulting treated and control units, and obtain analytical standard errors (which the original method does 

not provide).  This procedure does not allow for weighting different units. We therefore only discuss 

state-level results.3 While we cannot exactly replicate our triple difference models using the gsynth 

method, we constructed an approximation, by using as the treated units each treated state’s 55 to 64 year 

olds, and as the donor pool both every non-expansion state’s 55 to 64 year olds and every state’s 

(expansion or not) 65 to 74 year olds.  We present results in Appendix Figure A-3. Similar to the simpler 

synthetic control method presented above, there is a large drop in amenable mortality in Full-Expansion 

                                                
1 We used code for this approach from Soni (2016). 

2  A further concern with the synthetic control approach is that it gives zero weight to most donor states and assigns positive 

weights to several very-low-population states (Alaska, Maine, Wyoming) that do not otherwise seem good matches for the 

Full-Expansion States.  Appendix Table A-12 shows the weights on each donor state. 

3  Although we could not directly use population weights within Xu’s method, we simulate doing so by repeatedly running 

his procedure on bootstrapped datasets with draws weighted by population.  Results, with both state-level and county-level 

data, were similar to those we discuss in the text. 
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States in 2013; mortality in expansion states then rebounds in 2014.  The poor pre-period fit is even more 

pronounced with county-level data, and is driven by small counties, which have highly varying death 

rates and are hard to fit even with a large donor pool.  We concluded that the gsynth approach cannot be 

reliably applied to our data.  

 

A2.  Results for Different Demographic Groups 

In this and the next two sections, we assess the effects of Medicaid expansion on mortality for 

various subgroups.  The demographic groups we consider are males, females, non-Hispanic blacks, non-

Hispanic whites, and Hispanics.  We also consider subgroups based on education and mortality based 

on cause of death.  Our data has limitations for all subgroups except gender.  For race and ethnicity, we 

can obtain estimates of the first stage (change in uninsurance rates) only at the state level, not the county 

level, due to limitations of the SAHIE data.  The DD design does not explicitly use the first stage, but it 

is central to assessing what coefficient magnitudes are reasonable.  For education, population data is 

available only for broad age groups (45-64 and 65+; 5-year average).  For analysis by prior insurance 

status and by income, we observe percent uninsured and percent below 138% of the FPL threshold for 

full ACA expansion at the county*year level, but cannot directly study these subsamples because the 

mortality data does not contain information on income or insurance.   

We begin our analysis of demographic subgroups in Figure A-5 with leads-and-lags graphs of 

the triple differences in amenable mortality for samples subdivided on gender and on race/ethnicity.  

Most post-expansion point estimates are insignificant.  The exception is non-Hispanic Blacks, who show 

a post-expansion drop in mortality.  However, for this subgroup, we observe non-parallel pre-treatment 

trends even with the triple-difference specification; the post-expansion drop in mortality could merely 

reflect continuation of those trends.  Also, the first stage for non-Hispanic Blacks is not greatly different 

from that for the population as a whole (Table A-3).  Thus, the point estimates in Figure A-5 (around -

0.05) are not possible as true effects of Medicaid expansion.   

We turn next to DD and triple-difference regression results for amenable mortality for these 

subsamples, starting with demographic subsamples in Table A-3.  The “all” row in Table A-3 is the same 

as in text Table 2.  The first column of Table A-3 shows the first-stage change in uninsurance rates for 

Full- versus Non-Expansion States, in percent, for persons aged 50-64 (the closest available age match 
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to our main treatment sample). All first stages are small; the largest is for Hispanics at 1.5% (not 

significant).   

In Table A-3, a number of the DD coefficients in column (2) are significant and negative, but 

significance disappears in the triple-difference specification except for non-Hispanic Blacks.  However, 

as noted above, these estimates are suspect due to non-parallel pre-treatment trends and implausibly large 

point estimates.  We are also wary of assigning too much importance to statistically significant results 

in particular specifications given the number of estimates we produced, although we did not conduct 

formal Bonferroni type p-value adjustments. 

 

A3 Variation Based on Education Level 

In Figure A-6, we show leads-and-lags graphs for the triple difference in amenable mortality for 

subsamples stratified on education.  Low education predicts poverty and hence eligibility for Medicaid 

expansion; it may also affect the mortality response to the “treatment” of obtaining Medicaid.  Recall 

that for these subsamples, we study persons aged 45-64, and the triple difference compares these persons 

to all persons age 65+.  We present leads-and-lags graphs for elementary school only; partial high school 

without graduating; high-school graduate; and some college.  There is no evidence of a post-expansion 

decline in mortality for any subgroup, including the less-than-high-school groups. 

In Table A-4, we show regression results by education level.  The first row shows full sample 

results.  These differ from text Table 2 due to the broader age range that we use due to data limitations.  

Note that in our preferred triple-difference specification, the point estimate for overall mortality is now 

positive (higher mortality) and insignificant, and that Medicaid expansion predicts a significant drop in 

mortality for the elderly (a placebo group).  Both results cast further doubt on whether an effect of 

Medicaid expansion on mortality can be reliably detected. 

The first column shows the relevant first stages.  The first stage is close to 4% for persons without 

a high school degree, but drops to 1.5% for high school graduates with no college, and to 0.5% for 

persons with some college.  However, the non-high-school graduates are only 12% of the 45-64 age 

group, so the power gained from a stronger first stage is offset by smaller sample size. 

The first row shows full sample results.  The second through fifth rows show effects for the four 

education groups, starting with the lowest group, those with only elementary school completion, while 

the other rows show successively higher education categories.  All DD and triple-difference point 
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estimates are insignificant, consistent with the leads-and-lags graphs in Figure 5.  The point estimate for 

three of the four education groups, including the least educated, are positive (opposite from predicted). 

 

A4.  Variation by Primary Cause of Death 

In Table A-5, we present results by cause of death, for the top 4 causes of death: cancer, diabetes, 

cardiovascular causes, and respiratory illnesses, and also for HIV.  Figure A-7 provides the 

corresponding leads-and-lags graphs.  All of these causes are within the broad category of amenable 

mortality.  First-stage estimates are not available with our data, because we lack data on Medicaid 

insurance takeup among those with specific diseases.  However, Soni et al. (2018a, 2018b) use a DiD 

design based on Medicaid expansion and report a 2.4% first stage among persons with cancer diagnoses 

and a 6.4% increase in early-stage cancer diagnoses. Diabetics could plausibly benefit more strongly 

from Medicaid expansion given the negative correlation between income and diabetes prevalence and 

evidence from the Oregon Medicaid Experiment that gaining Medicaid insurance predicts increased 

diabetes diagnosis (Baicker et al., 2013). HIV is another specific condition, for which health insurance 

has predicted lower mortality in previous studies (Goldman et al., 2001).  However, both DD and triple-

difference coefficients are insignificant for all causes of death.  

 

A5.  Variation by Pre-ACA Uninsurance and Poverty Rates 

We turn next to an effort to exploit pre-ACA uninsurance rates and poverty levels.  We cannot 

measure the second stage (mortality by individual income and insurance status) from the mortality data, 

so we address this source of heterogeneity indirectly at the county level.  The DD specification is the 

same as above; the third difference for is high-versus-low pre-ACA uninsurance rates in counties.  We 

compare “treated” high-uninsurance counties (the counties with the highest pre-ACA uninsurance rates, 

defined so that they together contain 20% of the U.S. population) to “control” counties with the lowest 

pre-ACA uninsurance rates, also containing 20% of the U.S. population; we drop all other counties. This 

is similar to the analysis in Finkelstein and McKnight (2008), exploiting pre-Medicare variation in 

insurance levels, and Courtemanche et al. (2017) for the ACA.  The third difference for high-vs-low 

poverty counties is similar:  high-poverty counties (the counties with the highest poverty rates, together 

containing 20% of the US. population) versus low-poverty counties (counties with the lowest poverty 
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rates, also containing 20% of the U.S. population); we drop all other counties.  These comparisons rely 

on all ACA-induced sources of health insurance expansion, rather than Medicaid expansion alone. 

We present leads-and-lags graphs for amenable mortality in Figure A-8.  Neither graph shows 

evidence of a treatment effect.  Both graphs show signs of a pre-treatment trend toward lower mortality 

in the last few years prior to ACA expansion, in both high-uninsurance counties and high-poverty 

counties, which does not continue in the post-expansion period and indeed reverses for the high-

uninsurance counties. 

We present regression estimates in Table A-6, for the full sample and for demographic 

subsamples.  Data are sufficient to let us compute first-stage estimates only for the full sample and for 

male and female subsamples.  The first stage remain quite small.  There is no evidence of significant 

effects of Medicaid expansion on mortality.  For the full sample, the coefficients for both subsamples 

are insignificant.  For the comparison of high-vs-low uninsurance counties, the coefficient is positive 

(opposite from predicted).  For the demographic subsamples, five of the 14 coefficients are positive; and 

the only significant coefficient is also positive.4  

 

A6.  Alternative Specifications: ATT Weights; All-Non-Elderly Adults; and Total Mortality 

In Tables A-7 through A-11, we present results using a number of different specifications.  Table 

A-7 is similar to text Table 2, but uses the following alternative specifications:  (i) ATT * population 

weights (we use population weights in the text); (ii) using linear state trends; (iii) running regressions 

at the state instead of the county level, with population weights); and running state-level 

regressions without population weights.  All triple-difference coefficients are insignificant.  Figure 

A-9 provides leads-and-lags graphs for amenable mortality with ATT * population weights. 

To generate the ATT (average treatment effect on the treated) weights, we first average the 

covariates over the pre-treatment period (2009-2013). We then run a logit regression, which predicts 

whether a county is in a Full- or Non-Expansion State, using all variables in Table A-2 to generate the 

fitted propensities p for each county. ATT weights are calculated as (p/(1-p)). 

Figure A-10 presents leads-and-lags graphs for DD and triple differences for total mortality, 

instead of amenable mortality.  Figure A-11 presents leads-and-lags graphs for DD and triple 

differences for non-amenable mortality. 

                                                
4  In Table A-6, we use all counties and estimate continuous versions of the comparisons in Table 6 between high and low 

uninsurance (or poverty) counties, again with insignificant results. 
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In Table A-8, we present triple-difference results using these same alternative 

specifications with each of the demographic subgroups.  The significant, negative coefficient for 

non-Hispanic Blacks survives in several of these specifications, but loses significance in state-

level regressions without population weights.  All other coefficients are insignificant , except that 

we find a significant negative coefficient for men in state-level regressions without population 

weights.  The sizeable differences, for several subgroups, between state-level regressions with and 

without population weights confirm our initial concern that results from this specification are 

sensitive to outlier results in a few low-population states.  Figure A-12 provides leads-and-lags 

graphs for amenable mortality for demographic subgroups, with ATT * population weights.  

In Table A-9, we present triple-difference results with these alternative specifications with 

each of the education subgroups.  All estimated effects are statistically insignificant.   Figure A-13 

provides leads-and-lags graphs for amenable mortality for education subgroups, with ATT * 

population weights. 

In Table A-10, we present triple-difference results with these alternative specifications with 

each cause of death.  All estimated effects are statistically insignificant.   Figure A-14 provides 

leads-and-lags graphs for amenable mortality by cause of death, with ATT * population weights. 

Figure A-15 presents leads-and-lags graphs for the comparison of high-versus low poverty 

and high-versus low-uninsurance counties, with ATT * population weights.  Figure A-16 is similar, 

but the sample is all non-elderly adults. 

In Table A-11, we present triple-difference results using two alternative specifications 

(ATT * population weights, and comparing all non-elderly adults to all elderly adults), for each of 

the demographic subgroups.  There are some scattered significant coefficients, negative for men 

and white non-Hispanic (with ATT * population weights) and positive for women and negative for 

non-Hispanic Blacks (for the broad age range), but no consistent results across specifications.  

Figure A-17 presents leads-and-lags graphs for the comparison of amenable mortality for all non-

elderly adults. 

 

Across all tables, the scattered significant coefficients that we find are far too large in 

magnitude to be true causal effects.  Indeed, given our standard errors, only implausibly large 

coefficients would appear to be statistically significant.  

 



Table A-1. Medicaid Expansion States (2014-2016) 

This table includes Medicaid expansions through 2016.  It is based on combining and reconciling the classification of states as “full expansion,” “None,” or in-

between (“mild” or “substantial” expansion), by Simon, Cawley and Soni (2017), Lou et al. (2018), and Kaiser Family Foundation (2015).  Most states could be 

classified based on their rules for when and to what level they expanded Medicaid for all adults. Arizona required special care; see detailed analysis below.  Because 

our mortality data are annual, we consider New Hampshire to be a 2015 expansion, Alaska to be a 2016 expansion, and Louisiana to be a 2017 expansion, hence 

beyond our study period.   

In the “expansion details” column, “ACA Expansion” means regular expansion to 138% of FPL, on the date stated in the “Effective Date” column.  In the 

“inclusion/exclusion column, C = control (non-expansion), T = treatment (full expansion); other states are excluded.  Simon et al. (2017) classify early expansion 

states as “mild” or “substantial” expansion, based on their assessment of the extent to which enrollment increase with full Affordable Care Act expansion in 2014.  

This classification of states based on expansion status is also used in Black et al. (2018) (“BHNS”). % change in uninsured enrollees (2013-20156) come from 

SAHIE estimates for ages 18-64 and considering all income groups.  

State Abbr. Expansion Details  Effective 

Date 

% change in uninsured 

enrollees (2013-2016) 

Inclusion/ Exclusion Expansion type Compare to BHNS 

Alabama AL None  6.4 C [.] None Consistent 

Alaska AK Medicaid Expansion 09/01/2015 

6.8 

T [2016] None Consistent for 2014-

2015 (expanded late 

2015) 

Arizona5 AZ § 1115 Waiver (100% FPL, but closed 

to new enrollees in 2011) 

ACA Expansion 

2000 

 

01/01/2014 9.6 

T[2014] Full Consistent 

Arkansas6 AR § 1115 Waiver 01/01/2014 

12.4 

T [2014] 

Private Option 

Full Consistent 

California7 CA § 1115 Waiver (LA county) 

§ 1115 Waiver (200% FPL) 

ACA Expansion 

01/01/1995 

11/01/2010 

01/01/2014 13.5 

Excluded 

(Early expansion) 

 

Substantial Consistent 

Colorado8 CO § 1115 Waiver (to 10% of FPL) 04/01/2012 8.6 T [2016] Full Consistent 

                                                
5 Arizona used a § 1115 waiver to expand Medicaid coverage to childless adults up to 100% FPL during 2000-2011. In 2011, the state started to phase out that 

program (transitioning into Medicaid expansion).  Which category Arizona belongs in was unclear based on its rules, so we also examined the extent to which 

Medicaid enrollment increased in 2014.  See details below. 

6 Arkansas operated a limited-benefit premium-assistance program for childless adults who worked for small uninsured employers (ARHealthNetworks waiver) 

prior to the ACA.  Arkansas’s Medicaid expansion includes a “private option” under which Medicaid-eligible persons receive health insurance from the state 

insurance exchange, with a small monthly premium. 

7 California expanded Medicaid in 2010-2011, in selected counties. 

8 Colorado conducted early expansion through a § 1115 waiver in 2012, but only to persons with income <10 (ten) % of FPL, and also capped new enrollment at 

10,000 individuals. It expanded Medicaid program fully in 2014.  We ignore the small expansion in 2012, and treat Colorado as a full expansion state. 
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State Abbr. Expansion Details  Effective 

Date 

% change in uninsured 

enrollees (2013-2016) 

Inclusion/ Exclusion Expansion type Compare to BHNS 

ACA Expansion 01/01/2014 T [2014] 

Connecticut9 CT State Plan Amendment (56% FPL) 

ACA Expansion 

04/01/2010 

01/01/2014 6.4 

Excluded 

(Early Expansion) 

Substantial Consistent 

Delaware10 DE ACA Expansion 01/01/1996 

01/01/2014 5.1 

Excluded 

(Early Expansion) 

Mild Consistent 

District of 

Columbia11 

DC State Plan Amendment (133% FPL) 

§ 1115 Waiver 

ACA Expansion 

07/01/2010 

12/01/2010 

01/01/2014 4.2 

Excluded 

(Early expansion) 

Mild Consistent 

Florida FL None  10.4 C [.] None Consistent  

Georgia GA None  7.6 C [.] None Consistent  

Hawaii12 HI ACA Expansion 08/01/1994 

01/01/2014 4.6 

Excluded 

(Early expansion) 

Substantial Consistent  

Idaho ID None  8.2 C [.] None Consistent 

Illinois IL ACA Expansion 01/01/2014 9.2 T [2014] Full Consistent  

Indiana IN § 1115 Waiver 02/01/2015 

8.5 

T [2015] 

 

Full Consistent  

Iowa13 IA § 1115 Waiver 01/01/2014 

5.8 

T [2014] 

 

Full Consistent  

Kansas KS None  5.2 C [.] None Consistent  

Kentucky KY ACA Expansion 01/01/2014 13.7 T [2014] Full Consistent  

Louisiana LA ACA Expansion 07/01/2016 9.0 C [.] None Consistent  

Maine ME None  4.2 C [.] None Consistent  

Maryland MD ACA Expansion 01/01/2014 5.8 T [2014] Full Consistent  

                                                
9 Connecticut, elected to enact the Medicaid expansion in 2010 through a state amended plan at 56%. Connecticut expanded its Medicaid program fully in 2014.   

10 In Delaware, childless adults with incomes up to 100% FPL were eligible for Medicaid through the Diamond State Health Plan waiver, effective on 01/01/1996. 

11 DC expanded its Medicaid program at 133% of FPL in 2010. 

12 In Hawaii, childless adults with incomes up to 100% FPL were eligible for the state’s QUEST Medicaid managed care waiver program, effective on 08/01/1994. 

13 Under the IowaCare program, childless adults with income below 200% FPL were eligible for health insurance since 2005. However, IowaCare provided 

limited services in a limited network, so low-income adults in Iowa received a substantial coverage expansion in 2014 (Damiano et al., 2013).  During 2014-

2015, Iowa residents with income < 100% of FPL were enrolled in Medicaid managed care plans, while those with income of 100-138% of FPL received private 

insurance obtained through the Iowa health exchange, with premiums waived (a partial “private option”).  See https://www.medicaid.gov/Medicaid-CHIP-

Program-Information/By-Topics/Waivers/1115/downloads/ia/Market-Place-Choice-Plan/ia-marketplace-choice-plan-state-term-app-

06012016.pdf... 
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State Abbr. Expansion Details  Effective 

Date 

% change in uninsured 

enrollees (2013-2016) 

Inclusion/ Exclusion Expansion type Compare to BHNS 

Massachusetts14 MA “Romneycare” 

ACA Expansion 

04/12/2006 

01/01/2014 1.7 

Excluded Mild Consistent 

Michigan MI ACA Expansion 04/01/2014 8.5 T [2014] Full Consistent 

Minnesota15 MN State Plan Amendment (75% FPL) 

§ 1115 Waiver (200% FPL) 

ACA Expansion 

03/01/2010 

08/01/2010 

01/01/2014 5.6 

Excluded 

(Early Expansion) 

Substantial Consistent  

Mississippi MS None  7.3 C [.] None Consistent  

Missouri MO § 1115 Waiver (St. Louis County Only) 

(200% FPL) 

None 

07/01/2012 

5.7 

C [.] None Consistent  

Montana MT ACA Expansion 01/01/2016 

11.5 

T [2016] None Consistent for 2014-

2015 (expanded in 

2016) 

Nebraska NE None  4.1 C [.] None Consistent  

Nevada NV ACA Expansion 01/01/2014 11.2 T [2014] Full Consistent  

New Hampshire16 NH § 1115 Waiver 08/15/2014 

7.0 

T [2015] 

 

Full Consistent  

New Jersey17 NJ § 1115 Waiver (23% FPL) 

ACA Expansion 

04/01/2011 

01/01/2014 7.4 

T [2014] Full Consistent 

New Mexico NM ACA Expansion 01/01/2014 13.8 T [2014] Full Consistent  

New York18 NY § 1115 waiver 

ACA Expansion 

10/01/2001 

01/01/2014 6.7 

Excluded 

(Early expansion) 

Mild Consistent  

North Carolina NC None  7.4 C [.] None  Consistent  

                                                
14 Massachusetts implemented reforms to expand insurance coverage to low-income adults in 2006. 

15 Minnesota conducted early expansion in 2010 two ways. Persons with income  ≤ 75%FPL were insured through Medical Assistance Medicaid, funded through 

a State Plan Amendment, persons with income from 75~200% of FPL were insured through MinnesotaCare, funded through a § 1115 Waiver, which had limited 

benefits and cost-sharing. 

16  New Hampshire implemented a “private option” (mandatory purchase of subsidized private insurance, instead traditional Medicaid, in 2016.  See 

https://www.medicaid.gov/Medicaid-CHIP-Program-Information/By-Topics/Waivers/1115/downloads/nh/health-protection-program/nh-health-

protection-program-premium-assistance-appvl-amend-req-06232015.pdf. 
17 New Jersey’s expansion in 2011 only extended to 23% FPL; we therefore treated it as a full expansion state. 

18 In New York, childless adults up to 78% FPL were eligible for the Medicaid (Home Relief) waiver program and childless adults up to 100% FPL were eligible 

for the Family Health Plus waiver program (Heberlein et al., 2011). 
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State Abbr. Expansion Details  Effective 

Date 

% change in uninsured 

enrollees (2013-2016) 

Inclusion/ Exclusion Expansion type Compare to BHNS 

North Dakota ND ACA Expansion 01/01/2014 6.0 T [2014] Full Consistent  

Ohio OH ACA Expansion 01/01/2014 8.1 T [2014] Full Consistent 

Oklahoma OK None  5.3 C [.] None Consistent  

Oregon OR19 ACA Expansion 01/01/2014 12.2 T [2014] Full  Consistent  

Pennsylvania PA ACA Expansion 01/01/2015 6.2 T [2015] Full Consistent  

Rhode Island RI ACA Expansion 01/01/2014 10.5 T [2014] Full Consistent  

South Carolina SC None  8.1 C [.] None Consistent  

South Dakota SD None  2.9 C [.] None Consistent  

Tennessee TN None  6.8 C [.] None Consistent  

Texas TX None  7.5 C [.] None Consistent  

Utah UT None  6.9 C [.] None Consistent 

Vermont VT20 § 1115 Waiver 

ACA Expansion 

01/01/1996 

01/01/2014 4.7 

Excluded 

(Early expansion) 

Mild Consistent 

Virginia VA None  5.3 C [.] None Consistent  

Washington21 WA § 1115 Waiver (133% FPL) 

ACA Expansion 

01/03/2011 

01/01/2014 11.1 

T [2014] Full Consistent  

West Virginia WV ACA Expansion 01/01/2014 12.8 T [2014] Full Consistent  

Wisconsin22 WI New eligibility for BadgerCare but not 

ACA Expansion 

2009 

5.5 

Excluded Substantial  Consistent 

Wyoming WY None  3.6 C [.] None Consistent  

                                                
19 In 2008, Oregon enacted a small Medicaid expansion for low-income adults through a lottery among applicants. However, less than one-third of the 90,000 

people on the waitlist were selected to apply for Medicaid in 2008 (Baicker et al., 2013), some of the denied applicants were then enrolled in 2010.  We treat 

Oregon as full expansion due to the small size of this earlier expansion. 

20 In Vermont, childless adults up to 150% FPL were eligible for Medicaid equivalent coverage through the Vermont Health Access Plan waiver program (Heberlein 

et al., 2011). Vermont Health Access Plan (Sec. 1115 waiver) was approved in 1995 and effective in 1996.  

21 Washington’s early expansion was limited to prior state plan enrollees (Sommers et al., 2013). 

22 Wisconsin received federal approval to offer Medicaid to childless adults below 100% FPL through the BadgerCare program as of 2009 (Gates & Rudowitz, 

2014); it did not formally adopt ACA expansion in 2014 and kept the income threshold at 100% FPL. 

 



Arizona Details for Table A-1 

Arizona had a S.1931 program providing Medicaid up to 106% FPL for parents. It also had a limited program for 

childless adults, under a § 1115 waiver, starting in 2001, which was closed to new entrants since 2011.23 Whether to 

treat Arizona as a full expansion state or an early expansion state turns on how many childless adults were still covered 

at the ACA onset in 2014, given churn in eligibility. The tail off in hospital admissions with Medicaid payment, and 

jump at the start of 2014 (with uninsured admissions showing the opposite pattern), persuades us that Arizona should 

be treated as a regular expansion state. 

Source: Author reproduction of HCUP figure using HCUP Fast Stats at https://www.hcup-

us.ahrq.gov/faststats/StatePayerServlet?state1=AZ.   

 

  

                                                
23 Source: https://www.kff.org/medicaid/fact-sheet/proposed-changes-to-medicaid-expansion-in-arizona/. 
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Table A-2.  Covariate Balance for Full-Expansion and Non-Expansion States 

Table shows summary statistics for county-level covariates and mortality for Full-Expansion and Non-Expansion 

states during pre-expansion period (means over 2009-2013), using county population weights.  t-statistics use two-

sample t-test for difference  and robust standard errors with state clusters.  Normalized difference is a sample-size 

independent measure of the difference between two means, scaled by standard deviation): 
2 2 1/2( ) / [( ) / 2]j jt jc jt jcND x x s s= − + .  State groups are defined in Table A-1.  Mortality rates are per 100,000 

persons.  Dollar amounts are in 2010 $. 

 Full-Expansion 

States 

Non-Expansion 

States 

Difference t-

stat 

Normalized 

Difference 

 (1) (2) (3) (4) 

% age 0-19 23.36 24.35 1.11 -0.30 

% age 18-34 22.74 23.42 1.40 -0.15 

% age 35-44 12.94 13.11 0.71 -0.11 

% age 45-54 14.53 13.98 2.32 0.40 

% age 55-64 12.56 11.81 2.05 0.36 

% age 65-74 7.56 7.48 0.16 0.04 

% age 75-84 4.38 4.19 0.52 0.13 

% age 85+ 1.94 1.66 1.53 0.32 

% Male 49.21 49.13 0.47 0.04 

% White 82.91 77.43 2.19 0.36 

% Black 11.42 18.16 2.61 -0.49 

% Other Races 5.67 4.41 1.35 0.15 

% Hispanic 11.44 16.33 0.87 -0.38 

% In Poverty 14.67 16.89 2.75 -0.36 

% Managed Care Penetration 24.55 22.99 0.42 0.15 

% Disabled (ages 18-64) 16.31 17.57 1.29 -0.20 

Mean Per Capita Income 40,208 37,537 1.72 0.31 

Median Household Income 51,691 47,122 1.81 0.44 

Unemployment Rate, 16+ 8.84 8.28 1.12 0.20 

% with Diabetes 8.85 9.72 2.45 -0.46 

% Physically Inactive 22.89 24.70 1.85 -0.40 

% Obese 27.95 29.11 1.16 -0.28 

% Smoker 21.96 21.71 0.27 0.06 

Physicians/1,000 people 3.10 2.65 2.88 0.27 

% Uninsured (ages 18-64) 18.68 24.96 3.36 -1.09 

Amenable Mortality (all ages) 510.52 481.21 0.90 0.18 

Amenable Mortality (ages 55-64) 575.22 623.78 1.86 -0.24 

Non-amenable Mortality (all ages) 345.28 341.33 0.20 0.04 

Non-amenable Mortality (ages 55-64) 278.85 309.76 2.50 -0.30 
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Table A-3:  DD and Triple-Difference Estimates: Different Demographic Groups (ages 55-64) 

First column shows annual averages over 2009-2016 for number of deaths and population in millions.  Of the full 

sample (28.8M people), 14.5M were in expansion states.  Second column shows mortality rate for persons aged 55-

64 for indicated groups.  Third column shows first-stage DD estimates of change in uninsurance rates (in percent) 

from 2013 to 2016 for indicated demographic subsamples, for persons aged 50-64, from regression of percent 

uninsurance on Full Expansion dummy, with state and year FE and state  population weights, using state-level SAHIE 

data (best available), and same covariates as the DD and triple difference regressions.  Remaining columns show 

coefficients from DD or triple difference regressions on Full-Expansion dummy or, for triple difference column, full-

expansion dummy * age 55-64 dummy, from county-level regressions with county-and year FE and population 

weights, similar to Table 2, for ln((amenable mortality/100,000 persons)+1) over 2009-2015.  Standard errors use state 

clusters.  *.**, *** indicates statistical significance at the 10%, 5%, and 1% levels, respectively; significant results at 

5% level or better in boldface.  

Demographic 

Subsamples 

Ann. Deaths  

(Pop. in M) 

Mortality 

rate 

First stage (%) 

50-64 yrs 

DiD DiD 
Triple diff. 

55-64 yrs 65-74 yrs 

 (1) (2) (3) (4) (5) (6) 

All Amenable 
174,379 605.3 1.113** -0.018** -0.008 -0.004 

(28.8)   (0.452) (0.008) (0.006) (0.008) 

Male 
105,465 759.8 0.692 -0.018* -0.004 -0.004 

(13.9)   (0.747) (0.010) (0.008) (0.010) 

Female 
68,914 461.7 0.936 -0.020** -0.016* 0.004 

(14.9)   (0.705) (0.009) (0.009) (0.012) 

White (Not Hispanic) 
129,542 589.8 1.130** -0.015* -0.011* -0.003 

(22.0)   (0.490) (0.008) (0.007) (0.009) 

Black (Not Hispanic) 
32,217 917.0 0.994 -0.031* 0.020 -0.055*** 

(3.5)   (0.852) (0.016) (0.015) (0.017) 

Other 
3,619 321.6 - -0.050 -0.039 -0.035 

(1.1)   - (0.060) (0.052) (0.078) 

Hispanic 
9,086 398.2 1.484 -0.161*** -0.092 -0.055* 

(2.3)   (1.228) (0.057) (0.057) (0.029) 

Not Hispanic 
165,293 623.1 - -0.018** -0.008 -0.005 

(26.5)   - (0.008) (0.006) (0.007) 

Pop. Weights   Yes Yes Yes Yes 

Covariates   Yes Yes Yes Yes 
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Table A-4: DD and Triple-Difference Estimates: by Educational Attainment (ages 45-64) 

First column shows annual averages over 2009-2016 for number of deaths and population in millions.  Second column 

shows mortality rate for persons aged 55-64 for indicated groups.  Third column shows first-stage DD estimates of 

change in uninsurance rates (in percent) from 2013 to 2016 for indicated education-levels, for persons aged 45-64, 

from regression of percent uninsurance on Full Expansion dummy, with state and year FE and state population 

weights.  Remaining columns show coefficients from DD or triple difference regressions on Full-Expansion dummy 

or, for triple difference column, full-expansion dummy * age 45-64 dummy, from county-level regressions with county 

and year FE and population weights, similar to Table 2, for ln((amenable mortality/100,000 persons)+1) among 

persons with indicated education levels, over 2009-2015.  Standard errors use state clusters.  *.**, *** indicates 

statistical significance at the 10%, 5%, and 1% levels, respectively; significant results at 5% level or better in boldface.  

Education 

Subsample 

Ann. Deaths  

(Pop. in M) 

Mortality  

Rate 

First stage (%) 

45-64 yrs 

DiD 

45-64 yrs 

DiD 

65+ yrs 
Triple diff. 

 (1) (2) (3) (4) (5) (6) 

All Amenable 
252,285 422.1 1.048 -0.012 -0.020*** 0.014 

(59.77)  (0.738) (0.008) (0.006) (0.009) 

Elementary School 
14,776 565.4 3.747 0.047 0.014 0.066 

(2.61)  (2.530) (0.046) (0.058) (0.048) 

High School Incomplete 
33,698 768.6 3.912*** -0.009 -0.003 -0.011 

(4.38)  (1.449) (0.061) (0.064) (0.036) 

High School Complete 
110,019 607.2 1.533 -0.021 -0.032 0.010 

(18.12)  (0.939) (0.040) (0.037) (0.014) 

Some College 
86,793 250.5 0.468 -0.015 -0.026 0.013 

(34.65)  (0.572) (0.035) (0.031) (0.011) 

Population Weights   Yes Yes Yes Yes 

Covariates   Yes Yes Yes Yes 
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Table A-5: DD and Triple-Difference Estimates: by Cause of Death (age 55-64) 

First column shows annual averages over 2009-2016 for number of deaths and population in millions.  Second column 

shows mortality rate for persons aged 55-64 for indicated groups.  Remaining columns show coefficients from DD or 

triple difference regressions on Full-Expansion dummy or, for triple difference column, full-expansion dummy * age 

45-64 dummy, from county-level regressions with county and year FE and population weights, similar to Table 2, for 

ln((amenable mortality/100,000 persons)+1) among persons with indicated primary cause of death, over 2009-2016.  

Standard errors use state clusters.  *.**, *** indicates statistical significance at the 10%, 5%, and 1% levels, 

respectively; significant results at 5% level or better in boldface. 

By Cause of Death 
deaths 

(pop. In M) 

DiD 

55-64 yrs 

DiD 

65-74 yrs 
Triple diff. 

(1) (2) (3) (4) 

All Amenable 
174,379 -0.018** -0.008 -0.004 

(28.81) (0.008) (0.006) (0.008) 

Cancer 
87,170 -0.003 0.003 -0.004 

(28.81) (0.006) (0.006) (0.009) 

Diabetes 
14,394 -0.024 0.001 -0.007 

(28.81) (0.019) (0.025) (0.020) 

Cardiovascular 
70,677 -0.010 -0.009 0.006 

(28.81) (0.010) (0.010) (0.010) 

Respiratory 
16,442 -0.030 -0.017 -0.010 

(28.81) (0.020) (0.013) (0.023) 

HIV 
1,282 -0.058 0.005 -0.051 

(28.81) (0.037) (0.038) (0.060) 

Pop. Weights  Yes Yes Yes 

Covariates  Yes Yes Yes 
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Table A-6: Triple Difference Estimates:  Separating Counties by Baseline Health Uninsurance or 

Poverty Levels (age 55-64) 

First column shows annual averages over 2009-2016 for number of deaths and population aged 55-64 in millions, for 

sample of high-versus low- uninsurance counties.  Second and fourth columns column shows full-sample and by 

gender first stages; we lack the data to compute first stages for the other subsamples.  Remaining columns show 

coefficients from triple difference, county-level regressions with county and year FE and population weights, similar 

to Table 2, over 2009-2016, for amenable mortality for full sample and indicated subsamples.  Third difference in 

column (3) is between the counties with the highest uninsurance rate in 2013, containing 20% of the U.S. population, 

and the counties with the lowest uninsurance rate in 2013, containing 20% of the U.S. population.  Third difference 

in column (5) is similar but is between the counties with lowest versus highest poverty rates in 2013. Standard errors 

use state clusters.  *.**, *** indicates statistical significance at the 10%, 5%, and 1% levels, respectively; significant 

results at 5% level or better in boldface.  

Sample 

Deaths        

(pop. in M) 

First Stage 

(%) 50-64 yrs 

Triple diff. 

Uninsurance 

First Stage 

(%) 50-64 yrs 

Triple diff.  

Poverty 

  (1) (2) (3) (4) (5) 

All 
66,329 1.221 0.003 0.720 0.000 

(11.9) (0.653) (0.020) (0.789) (0.013) 

Male 
40,750 0.593 -0.020 0.408 -0.024 

(5.8) (0.657) (0.028) (0.721) (0.018) 

Female 
26,103 1.829*** 0.050* 0.912 0.037*** 

(6.1) (0.679) (0.028) (0.791) (0.014) 

White (Not Hispanic) 
51,198   -0.017   -0.015 

(9.1)   (0.018)   (0.010) 

Black (Not Hispanic) 
11,970   -0.001   -0.073* 

(1.4)   (0.059)   (0.040) 

Other 
1,496   -0.083   -0.005 

(0.4)   (0.137)   (0.107) 

Hispanic 
3,421   0.279   0.082 

(0.9)   (0.267)   (0.103) 

Not Hispanic 
60,879   0.003   -0.005 

(10.4)   (0.021)   (0.015) 

Pop. Weights   Yes Yes Yes Yes 

Covariates   Yes Yes Yes Yes 
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Table A-7.  Estimated Effect of Medicaid Expansion on Amenable Mortality:  Different 

Specifications 

Table 2 in the text shows DD and triple-difference estimates for county-level regressions, with county and year FE 

and population weights, of ln[(amenable mortality/100,000 persons)+1] over 2009-2016 on full-expansion dummy 

(=1 for Full-Expansion States in expansion years; 0 otherwise), and covariates. Third difference is ages 55-64 

versus ages 65-74. This table provides results for principal coefficients of interest, from regressions in which 

we vary this specification as follows:  Panel A reproduces our results from text Table 2; Panel B uses 

ATT*population weights instead of only population weights; Panel C adds linear state trends; Panel D reports 

results from regressions at state- instead of county-level (with population weights); and Panel E reports results 

from state-level regressions without weights. Standard errors use state clusters.  *, **, *** indicates statistical 

significance at the 10%, 5%, and 1% levels, respectively; significant results at 5% level or better in boldface.  

 DiD 55-64 years Triple diff. 

  (1) (2) (3) (4) 

Panel A.  Main Specification (from text Table 2)         

Full Expansion Dummy 
-0.018* -0.018**     

(0.010) (0.008)     

Full Expansion Dummy x Age 55-64 Dummy 
    -0.002 -0.004 

    (0.009) (0.008) 

Panel B.  With ATT x Population Weights         

Full Expansion Dummy 
-0.014 -0.015*     

(0.013) (0.009)     

Full Expansion Dummy x Age 55-64 Dummy 
    -0.014 -0.013 

    (0.009) (0.012) 

Panel C.  With Linear State Trends         

Full Expansion Dummy 
-0.006 -0.009     

(0.008) (0.008)     

Full Expansion Dummy x Age 55-64 Dummy 
    -0.001 -0.003 

    (0.009) (0.008) 

Panel D.  State-Level (with Pop Weights)         

Full Expansion Dummy 
-0.020** -0.011*     

(0.009) (0.007)     

Full Expansion Dummy x Age 55-64 Dummy 
    -0.006 -0.009 

    (0.008) (0.010) 

Panel E.  State-Level (No Weights) Specification         

Full Expansion Dummy 
-0.018** -0.009     

(0.009) (0.009)     

Full Expansion Dummy x Age 55-64 Dummy 
    -0.009 -0.015 

    (0.010) (0.011) 

Covariates No Yes No Yes 
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Table A-8: Triple-Difference Estimates by Demographic Group: Different Specifications 

Table 3 in the text shows DD and triple-difference estimates for different demographic groups, from county-level 

regressions, with county and year FE and population weights, of ln[(amenable mortality/100,000 persons)+1] over 

2009-2016 on full-expansion dummy (=1 for Full-Expansion States in expansion years; 0 otherwise), and covariates. 

Third difference is ages 55-64 versus ages 65-74. This table provides triple difference results for principal 

coefficients of interest, from regressions in which we vary this specification as follows:  using 

ATT*population weights; adding linear state trends; and running regressions at state- instead of county-level, 

with and without population weights. Standard errors use state clusters.  *, **, *** indicates statistical significance 

at the 10%, 5%, and 1% levels, respectively; significant results at 5% level or better in boldface. 

 Triple Difference Results 

Subsamples 
Main 

Specification 

ATT x Pop 

weights 

with Linear State 

Trends 

State-Level w. 

pop. weights 

State-Level 

unweighted 

  (1) (2) (3) (4) (5) 

All Amenable 
-0.004 -0.013 -0.003 -0.009 -0.015 

(0.008) (0.012) (0.008) (0.010) (0.011) 

Male 
-0.004 -0.003 -0.003 -0.015 -0.034** 

(0.010) (0.022) (0.010) (0.012) (0.014) 

Female 
0.004 -0.022 0.005 0.006 -0.003 

(0.012) (0.015) (0.011) (0.013) (0.014) 

White (Not Hispanic) 
-0.003 -0.010 -0.002 -0.015 -0.002 

(0.009) (0.010) (0.009) (0.011) (0.011) 

Black (Not Hispanic) 
-0.055*** -0.345** -0.055*** -0.040*** 0.010 

(0.017) (0.172) (0.017) (0.014) (0.124) 

Other 
-0.035 0.168 -0.036 -0.056 -0.038 

(0.078) (0.269) (0.078) (0.036) (0.059) 

Hispanic 
-0.055* -0.153 -0.050* -0.016 0.054 

(0.029) (0.153) (0.027) (0.023) (0.156) 

Not Hispanic 
-0.005 -0.013 -0.004 -0.010 -0.012 

(0.007) (0.012) (0.007) (0.008) (0.011) 

Weights Pop ATT x Pop Pop Pop No 

Covariates Yes Yes Yes Yes Yes 
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Table A-9: Triple-Difference Estimates by Educational Attainment (ages 45-64) - Different 

Specifications 

Table 4 in the text shows DD and triple-difference estimates for groups with different education levels, from county-

level regressions, with county and year FE and population weights, of ln[(amenable mortality/100,000 persons)+1] 

over 2009-2016 on full-expansion dummy (=1 for Full-Expansion States in expansion years; 0 otherwise), and 

covariates. Third difference is ages 55-64 versus ages 65-74. This table provides triple difference results for 

principal coefficients of interest, from regressions in which we vary this specification as foll ows:  using 

ATT*population weights; adding linear state trends; and running regressions at state - instead of county-level, 

with and without population weights. Standard errors use state clusters.  *, **, *** indicates statistical significance 

at the 10%, 5%, and 1% levels, respectively; significant results at 5% level or better in boldface. 

 Triple Difference Results 

Education Subsamples 
Main 

Specification 

ATT x Pop 

weights 

with Linear State 

Trends 

State-Level w. 

pop. weights 

State-Level 

unweighted 

  (1) (2) (3) (4) (5) 

All Amenable 
0.014 -0.001 0.014 0.007 0.007 

(0.009) (0.011) (0.009) (0.009) (0.010) 

Elementary School 
0.066 0.129* 0.045 0.045 0.062 

(0.048) (0.068) (0.046) (0.031) (0.040) 

High School Incomplete 
-0.011 -0.015 0.004 -0.023 -0.039 

(0.036) (0.031) (0.036) (0.031) (0.035) 

High School Complete 
0.010 -0.001 0.023 0.005 -0.017 

(0.014) (0.021) (0.019) (0.013) (0.023) 

Some College 
0.013 0.011 0.031* 0.011 0.005 

(0.011) (0.018) (0.017) (0.013) (0.023) 

Weights Pop ATT x Pop Pop Pop No 

Covariates Yes Yes Yes Yes Yes 
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Table A-10: Triple-Difference Estimates by Cause of Death (ages 55-64):  Different 

Specifications 

Table 5 in the text shows DD and triple-difference estimates for different causes of death, from county-level 

regressions, with county and year FE and population weights, of ln[(amenable mortality/100,000 persons)+1] over 

2009-2016 on full-expansion dummy (=1 for Full-Expansion States in expansion years; 0 otherwise), and covariates. 

Third difference is ages 55-64 versus ages 65-74. This table provides triple difference results for principal 

coefficients of interest, from regressions in which we vary this specification as follows:  using 

ATT*population weights; adding linear state trends; and running regressions at state- instead of county-level, 

with and without population weights. Standard errors use state clusters.  *, **, *** indicates statistical significance 

at the 10%, 5%, and 1% levels, respectively; significant results at 5% level or better in boldface. 

 Triple Difference Results 

Cause of Death 
Main 

Specification 

ATT x Pop 

weights 

with Linear State 

Trends 

State-Level w. 

pop. weights 

State-Level 

unweighted 

  (1) (2) (3) (4) (5) 

Amenable 
-0.004 -0.013 -0.003 -0.009 -0.015 

(0.008) (0.012) (0.008) (0.010) (0.011) 

Non-Amenable 
-0.006 -0.008 -0.006 -0.006 -0.005 

(0.012) (0.017) (0.012) (0.012) (0.012) 

Cancer 
-0.004 -0.017 -0.004 -0.006 -0.001 

(0.009) (0.011) (0.008) (0.010) (0.011) 

Diabetes 
-0.007 -0.034 -0.005 -0.016 0.018 

(0.020) (0.025) (0.020) (0.016) (0.030) 

Cardiovascular 
0.006 -0.005 0.007 -0.002 -0.022 

(0.010) (0.016) (0.010) (0.011) (0.016) 

Respiratory 
-0.010 0.003 -0.009 -0.013 -0.023 

(0.023) (0.035) (0.022) (0.016) (0.026) 

HIV 
-0.051 -0.022 -0.051 -0.030 0.112 

(0.060) (0.078) (0.060) (0.058) (0.112) 

Weights Pop Att x Pop Pop Pop No 

Covariates Yes Yes Yes Yes Yes 
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Table A-11: Triple Difference Estimates:  Counties with high-vs-low Baseline Health 

Uninsurance and Poverty Levels:  Different Specifications 

Table 6 in the text shows DD and triple-difference estimates for high-vs-low pre-ACA uninsurance and high-vs-low 

poverty counties, from county-level regressions, with county and year FE and population weights, of ln[(amenable 

mortality/100,000 persons)+1] over 2009-2016 on full-expansion dummy (=1 for Full-Expansion States in expansion 

years; 0 otherwise), and covariates. Third difference is ages 55-64 versus ages 65-74. This table provides triple 

difference results for principal coefficients of interest, from regressions in which we vary this specification 

as follows:  using ATT*population weights; and comparing all non-elderly adults (ages 18-64) to all elderly 

(age 65+).  Standard errors use state clusters.  *, **, *** indicates statistical significance at the 10%, 5%, and 1% 

levels, respectively; significant results at 5% level or better in boldface. 

 Triple Difference Results 

Subsamples 

Main Specification   ATT x Pop Weights  Age 18-64 vs. 65+  

Unins. Poverty  Unins. Poverty Unins. Poverty 

(1) (2)  (3) (4) (5) (6) 

All Amenable 
0.003 0.000  -0.023 -0.018 0.004 0.012 

(0.020) (0.013)  (0.025) (0.016) (0.014) (0.012) 

Male 
-0.020 -0.024  -0.045 -0.046** -0.025 -0.004 

(0.028) (0.018)  (0.038) (0.020) (0.017) (0.016) 

Female 
0.050* 0.037***  0.024 0.025 0.054*** 0.034** 

(0.028) (0.014)  (0.036) (0.039) (0.020) (0.013) 

White (Not Hispanic) 
-0.017 -0.015  -0.053** -0.030*** -0.027* 0.002 

(0.018) (0.010)  (0.024) (0.010) (0.014) (0.011) 

Black (Not Hispanic) 
-0.001 -0.073*  0.393 -0.303 -0.004 -0.083*** 

(0.059) (0.040)  (0.365) (0.385) (0.038) (0.032) 

Other 
-0.083 -0.005  -0.354 -0.614 -0.057 0.060 

(0.137) (0.107)  (0.411) (0.512) (0.079) (0.074) 

Hispanic 
0.279 0.082  0.369 -0.004 0.056 -0.002 

(0.267) (0.103)  (0.286) (0.175) (0.068) (0.044) 

Not Hispanic 
0.003 -0.005  -0.028 -0.019 0.005 0.010 

(0.021) (0.015)  (0.030) (0.017) (0.018) (0.013) 

Weights Pop Pop  Att x Pop Att x Pop Pop Pop 

Covariates Yes Yes  Yes Yes Yes Yes 

 

  



13 
 

Table A-12: Synthetic Control Method:  Weights on Donor States 

Table shows the weights assigned to the Non-Expansion States (donor states)by the regular synthetic control method, 

used in text Figure 3. 

Non-Expansion States Synthetic Control Weights 

Alabama 0 

Florida 0.123 

Georgia 0 

Idaho 0 

Kansas 0 

Louisiana 0 

Maine 0.038 

Mississippi 0 

Missouri 0.411 

Nebraska 0 

North Carolina 0 

Oklahoma 0 

South Carolina 0 

South Dakota 0 

Tennessee 0 

Texas 0.023 

Utah 0.041 

Virginia 0.272 

Wyoming 0.091 
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Figure A-1.  Time Trends in Amenable Mortality for Persons Aged 18-64 

Figure shows amenable mortality rate for persons age 18-64 for Full-Expansion, Substantial Expansion, Mild 

Expansion, and Non-Expansion States, over 1999-2016, using county population weights.  State groups are defined 

in Table 1. Dashed vertical line separate pre-expansion from expansion period. 
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Figure A-2.  Synthetic Control Results for Near-Elderly Amenable Mortality  

Synthetic control results for ln((amenable mortality/100,000 persons)+1) for Full-Expansion States (treated as a single 

treated unit) versus synthetic control drawn from Non-Expansion States, over 1999-2016.  Covariates for constructing 

donor pool are same as in Figure 2, plus uninsurance rate in 2013.  The y-axis shows ln((amenable mortality/100,000 

persons)+1) for Full-Expansion States, combined into single treated unit (using population weights), and their 

synthetic control.  Vertical dotted line separates pre-expansion from expansion period.   
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Figure A-3.  Generalized Synthetic Control Method (gsynth) 

Synthetic control results, using Xu’s (2017) generalized synthetic control (gsynth) method, for ln(amenable 

mortality/100,000 + 1) for Full-Expansion States versus synthetic control for each state over 1999-2015.  The donor 

pool consists of every non-expansion state’s 55 to 64 year-old death rate as well as every state’s untreated 65 to 74 

year old population. This design is intended to crudely approximate triple-difference results.  States are equally 

weighted. Covariates for constructing synthetic control are same as in the specifications with covariates in Table 2 of 

the text.  The y-axis shows coefficient on Full-Expansion dummy.  Vertical bars around point estimates show 95% 

CIs.  Dashed vertical line separates pre-expansion from expansion period.  

 



Figure A-4. Age Discontinuity Leads-and-Lags Results, Separately for Full-Expansion and 

No-Expansion States  

Graphs from leads-and-lags regressions of ln((amenable mortality/100,000 persons)+1) for 55-64 versus 65-74 age 

groups in Full-Expansion (Panel A) and No-Expansion States (Panel B), over 2004-2016. Covariates are listed in 

paper.  Regressions include county and year FE, and county-population weights.  y-axis shows coefficients on lead 

and lag dummies; vertical bars show 95% confidence intervals (CIs) around coefficients, using standard errors 

clustered on state.  Coefficient for year -3 is set to zero. 

Panel B. Amenable Mortality in Full-Expansion-States 

 

Panel B. Amenable Mortality in No Expansion-States 
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Figure A-5.  Triple Difference Leads-and-Lags Graphs: Demographic Groups  

Graphs from leads and lags regressions of triple differences for indicated subsamples, of ln((amenable 

mortality/100,000 persons)+1) for persons aged 55-74, in Full-Expansion States versus No-Expansion States, over 

2004-2016; the third difference is age 55-64 versus age 65-74.  Covariates are same as in Figure 2.  Regressions 

include county and year FE, and county-population weights.  y-axis shows coefficients on lead and lag dummies; 

vertical bars show 95% CIs around coefficients, using standard errors clustered on state.  Coefficient for year -3 is set 

to zero. 



Figure A-6.  Triple Difference Leads-and-Lags Graphs:  By Education Level  

Graphs show leads and lags regressions of triple differences for indicated subsamples, of ln((amenable 

mortality/100,000 persons)+1) for persons aged 45+, in Full-Expansion States versus No-Expansion States, over 2004-

2016; the third difference is age 45-64 versus age 65+.  Covariates are same as in Figure 2.  Regressions include 

county and year FE, and county-population weights.  y-axis shows coefficients on lead and lag dummies; vertical bars 

show 95% CIs around coefficients, using standard errors clustered on state.  Coefficient for year -3 is set to zero. 
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Figure A-7.  Triple Difference Leads-and-Lags Graphs:  By Causes of Death 

Graphs show triple difference leads and lags regressions of ln[(mortality/100,000 persons)+1] among persons with 

indicated primary cause of death, aged 55-74, in Full-Expansion States versus No-Expansion States, over 2004-2016; 

the third difference is age 55-64 versus age 65-74.  Covariates are listed in the paper.  Regressions include county and 

year FE, and county population weights.  Y-axis shows coefficients on leads and lags dummies; vertical bars show 

95% CIs around coefficients, using standard errors clustered on state.  Coefficient for year -3 is set to zero.  Dashed 

vertical line separate pre-expansion from expansion period. 
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Figure A-8:  Leads and Lags Graphs for High-vs-Low Uninsurance and Poverty 

Graphs show leads and lags regressions of triple differences for high versus low uninsurance and high vs. low poverty 

counties, of ln((amenable mortality/100,000 persons)+1+ for persons aged 55-64, in Full-Expansion States versus No-

Expansion States, over 2004-2016.  High (low) uninsurance counties are those with highest (lowest) uninsurance rates 

in 2013 containing 20% of U.S. population, and similarly for high (low) poverty counties.  Covariates are same as in 

Figure 2.  Regressions include county and year FE, and county-population weights.  y-axis shows coefficients on lead 

and lag dummies; vertical bars show 95% CIs around coefficients, using standard errors clustered on state.  Coefficient 

for year -3 is set to zero. 

Panel A.  High-Uninsurance vs. Low-Uninsurance Counties 

 

Panel B.  High-Poverty vs. Low-Poverty Counties
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Figure A-9.  DiD and Triple Difference Leads-and-Lags Results: Amenable Mortality, with 

ATT x Population Weights  

Graphs from leads and lags regressions of ln[(amenable mortality/100,000 persons)+1] for Full-Expansion States 

versus control group of Non-Expansion States, over 2004-2016.  Covariates are listed in paper.  Regressions include 

county and year FE, and ATT x Population weights.  Y-axis shows coefficients on lead and lag dummies; vertical bars 

show 95% confidence intervals (CIs) around coefficients, using standard errors clustered on state.  Coefficient for year 

-3 is set to zero.  Dashed vertical line separate pre-expansion from expansion period. 

Panel A. Amenable Mortality for Ages 55-64 

 

Panel B.  Amenable Mortality for Ages 65-74 
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Panel C.  Triple difference.  Leads and lags graphs for amenable mortality for persons age 55-64 in Full-

Expansion States, relative to (i) persons age 65-74 in Full-Expansion States, and (ii) persons age 55-64 in 

Non-Expansion States. 
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Figure A-10.  DiD and Triple Difference Leads-and-Lags Results for Total Mortality  

Graphs from leads and lags regressions of ln[(all mortality/100,000 persons)+1] for Full-Expansion States versus 

control group of Non-Expansion States, over 2004-2016.  Covariates are listed in paper.  Regressions include county 

and year FE, and county-population weights.  Y-axis shows coefficients on lead and lag dummies; vertical bars show 

95% confidence intervals (CIs) around coefficients, using standard errors clustered on state.  Coefficient for year -3 

is set to zero.  Dashed vertical line separate pre-expansion from expansion period. 

Panel A. All Mortality for Ages 55-64 

 

Panel B.  All Mortality for Ages 65-74 
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Panel C.  Triple difference.  Leads and lags graphs for all mortality for persons age 55-64 in Full-

Expansion States, relative to (i) persons age 65-74 in Full-Expansion States, and (ii) persons age 55-64 in 

Non-Expansion States. 
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Figure A-11.  DiD and Triple Difference Leads-and-Lags Results for Non-Amenable 

Mortality  

Graphs from leads and lags regressions of ln[(non-amenable mortality/100,000 persons)+1] for Full-Expansion States 

versus control group of Non-Expansion States, over 2004-2016.  Covariates are listed in paper.  Regressions include 

county and year FE, and county-population weights.  Y-axis shows coefficients on lead and lag dummies; vertical bars 

show 95% confidence intervals (CIs) around coefficients, using standard errors clustered on state.  Coefficient for year 

-3 is set to zero.  Dashed vertical line separate pre-expansion from expansion period. 

Panel A. Non-Amenable Mortality for Ages 55-64 

   

Panel B.  Non-Amenable Mortality for Ages 65-74 
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Panel C.  Triple difference.  Leads and lags graphs for non-amenable mortality for persons age 55-64 in 

Full-Expansion States, relative to (i) persons age 65-74 in Full-Expansion States, and (ii) persons age 55-

64 in Non-Expansion States. 
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Figure A-12.  Triple Difference Leads-and-Lags Graphs: Demographic Groups, with ATT 

x Population Weights 

Graphs from leads and lags regressions of triple differences for indicated subsamples, of ln[(amenable 

mortality/100,000 persons)+1] for persons aged 55-74, in Full-Expansion States versus No-Expansion States, over 

2004-2016; the third difference is age 55-64 versus age 65-74.  Covariates are listed in the paper.  Regressions include 

county and year FE, and Att x Pop weights.  Y-axis shows coefficients on lead and lag dummies; vertical bars show 

95% CIs around coefficients, using standard errors clustered on state.  Coefficient for year -3 is set to zero.  Dashed 

vertical line separate pre-expansion from expansion period. 
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Figure A-13.  Triple Difference Leads-and-Lags Graphs:  By Education Level, with ATT x 

Population Weights 

Graphs show leads and lags regressions of triple differences for indicated subsamples, of ln[(amenable 

mortality/100,000 persons)+1] for persons aged 45+, in Full-Expansion States versus No-Expansion States, over 2004-

2016; the third difference is age 45-64 versus age 65+.  Covariates are listed in the paper.  Regressions include county 

and year FE, and ATT x Population weights.  y-axis shows coefficients on lead and lag dummies; vertical bars show 

95% CIs around coefficients, using standard errors clustered on state.  Coefficient for year -3 is set to zero.  Dashed 

vertical line separate pre-expansion from expansion period. 
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Figure A-14.  Triple Difference Leads-and-Lags Graphs:  By Causes of Death, ATT x 

Population Weights 

Graphs show triple difference leads and lags regressions of ln[(mortality/100,000 persons)+1] among persons with 

indicated primary cause of death, aged 55-74, in Full-Expansion States versus No-Expansion States, over 2004-2016; 

the third difference is age 55-64 versus age 65-74.  Covariates are listed in the paper.  Regressions include county and 

year FE, and ATT x population weights.  Y-axis shows coefficients on leads and lags dummies; vertical bars show 

95% CIs around coefficients, using standard errors clustered on state.  Coefficient for year -3 is set to zero.  Dashed 

vertical line separate pre-expansion from expansion period. 

  



31 
 

Figure A-15:  Leads and Lags Graphs for High-vs-Low Uninsurance and Poverty, ATT x 

Pop weights 

Graphs show leads and lags regressions of triple differences for high versus low uninsurance and high vs. low poverty 

counties, of ln[(amenable mortality/100,000 persons)+1] for persons aged 55-64, in Full-Expansion States versus No-

Expansion States, over 2004-2016.  High (low) uninsurance counties are those with highest (lowest) uninsurance rates 

in 2013 containing 20% of U.S. population, and similarly for high (low) poverty counties. Covariates are listed in the 

paper. Regressions include county and year FE, and ATT x Pop weights.  Y-axis shows coefficients on lead and lag 

dummies; vertical bars show 95% CIs around coefficients, using standard errors clustered on state.  Coefficient for 

year -3 is set to zero.  Dashed vertical line separate pre-expansion from expansion period. 

Panel A.  High-Uninsurance vs. Low-Uninsurance Counties 

 

Panel B.  High-Poverty vs. Low-Poverty Counties 
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Figure A-16:  Leads and Lags Graphs for High-vs-Low Uninsurance and Poverty, 18-64 

years 

Graphs show leads and lags regressions of triple differences for high versus low uninsurance and high vs. low poverty 

counties, of ln[(amenable mortality/100,000 persons)+1] for persons aged 18-64, in Full-Expansion States versus No-

Expansion States, over 2004-2016.  High (low) uninsurance counties are those with highest (lowest) uninsurance rates 

in 2013 containing 20% of U.S. population, and similarly for high (low) poverty counties. Covariates are listed in the 

paper. Regressions include county and year FE, and county population weights.  Y-axis shows coefficients on lead 

and lag dummies; vertical bars show 95% CIs around coefficients, using standard errors clustered on state.  Coefficient 

for year -3 is set to zero.  Dashed vertical line separate pre-expansion from expansion period. 

Panel A.  High-Uninsurance vs. Low-Uninsurance Counties 

 

Panel B.  High-Poverty vs. Low-Poverty Counties 
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Figure A-17.  DiD Leads-and-Lags Results for Ages 18-64, Amenable Mortality 

Graphs from DiD leads and lags regressions of ln[(amenable mortality/100,000 persons)+1] for Full-Expansion States 

versus control group of Non-Expansion States, over 2004-2016.  Covariates are listed in paper.  Regressions include 

county and year FE, and county population weights.  Y-axis shows coefficients on lead and lag dummies; vertical bars 

show 95% confidence intervals (CIs) around coefficients, using standard errors clustered on state.  Coefficient for year 

-3 is set to zero.  Dashed vertical line separate pre-expansion from expansion period. 
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Figure A-18.  Power Analyses for Full Sample: State Level DD and Triple Differences 

Power curves for simulated Medicaid expansion as of January 1, 2012, applied to persons aged 55-64 during pre-

treatment period (2007-2013).  Graphs show power (likelihood of detecting a statistically significant effect on 

amenable mortality, at the indicated confidence levels, for two-tailed test), given imposed “true” population average 

effect.  Curves are based on 1,000 replications of the DD (top graph) and triple difference (bottom graph) regression 

models used in Table 2, with covariates.  In each draw, we select 20 pseudo-treated states at random from the combined 

set of 41 treated and control states, and remove a fraction of the observed deaths at random from the treated states, 

where the fraction reflects an imposed treatment effect (for the entire population), and we vary the imposed treatment 

effect from 0-5% in increments of 0.1%.  Curves for α = .10/.05/.01/.001 correspond to 90%/95%/99%/99.9% 

confidence levels, respectively.  Dashed vertical line indicates minimum detectable effect at 95% confidence level, 

with 80% power, for full sample (Full MDE). 
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Figure A-19. Power Analysis for Women:  DD and Triple Differences 

Power curves for simulated Medicaid expansion as of January 1, 2012, applied to females aged 55-64 during pre-

treatment period (2007-2013).  Graphs show power (likelihood of detecting a statistically significant effect on 

amenable mortality, at the indicated confidence levels, for two-tailed test), given imposed “true” population average 

effect.  Curves are based on 1,000 replications of the DD (top graph) and triple difference (bottom graph) regression 

models used in Table 2, with covariates.  In each draw, we select 20 pseudo-treated states at random from the combined 

set of 41 treated and control states, and remove a fraction of the observed deaths at random from the treated states, 

where the fraction reflects an imposed treatment effect (for the entire population), and we vary the imposed treatment 

effect from 0-5% in increments of 0.1%.  Curves for α = .10/.05/.01/.001 correspond to 90%/95%/99%/99.9% 

confidence levels, respectively.  Dashed vertical lines indicate minimum detectable effects at 95% confidence level, 

with 80% power, for full sample (Full MDE) and for women (Fem MDE). 
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Figure A-20. Power Analysis for Non-Hispanic Whites:  DD and Triple Differences 

Power curves for simulated Medicaid expansion as of January 1, 2012, applied to non-Hispanic whites aged 55-64 

during pre-treatment period (2007-2013).  Graphs show power (likelihood of detecting a statistically significant effect 

on amenable mortality, at the indicated confidence levels, for two-tailed test), given imposed “true” population average 

effect.  Curves are based on 1,000 replications of the DD (top graph) and triple difference (bottom graph) regression 

models used in Table 2, with covariates.  In each draw, we select 20 pseudo-treated states at random from the combined 

set of 41 treated and control states, and remove a fraction of the observed deaths at random from the treated states, 

where the fraction reflects an imposed treatment effect (for the entire population), and we vary the imposed treatment 

effect from 0-5% in increments of 0.1%.  Curves for α = .10/.05/.01/.001 correspond to 90%/95%/99%/99.9% 

confidence levels, respectively.  Dashed vertical lines indicate minimum detectable effects at 95% confidence level, 

with 80% power, for full sample (Full MDE) and for non-Hispanic whites (White MDE). 
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Figure A-21.  Power Analysis for Non-Hispanic Blacks:  DD and Triple Differences 

Power curves for simulated Medicaid expansion as of January 1, 2012, applied to non-Hispanic blacks aged 55-64 

during pre-treatment period (2007-2013).  Graphs show power (likelihood of detecting a statistically significant effect 

on amenable mortality, at the indicated confidence levels, for two-tailed test), given imposed “true” population average 

effect.  Curves are based on 1,000 replications of the DD (top graph) and triple difference (bottom graph) regression 

models used in Table 2, with covariates.  In each draw, we select 20 pseudo-treated states at random from the combined 

set of 41 treated and control states, and remove a fraction of the observed deaths at random from the treated states, 

where the fraction reflects an imposed treatment effect (for the entire population), and we vary the imposed treatment 

effect from 0-5% in increments of 0.1%.  Curves for α = .10/.05/.01/.001 correspond to 90%/95%/99%/99.9% 

confidence levels, respectively.  Dashed vertical lines indicate minimum detectable effects at 95% confidence level, 

with 80% power, for full sample (Full MDE) and for non-Hispanic blacks (Black MDE). 
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Figure A-22. Power Analysis for Hispanics:  DD and Triple Differences 

Power curves for simulated Medicaid expansion as of January 1, 2012, applied to non-white, non-black Hispanics 

aged 55-64 during pre-treatment period (2007-2013).  Graphs show power (likelihood of detecting a statistically 

significant effect on amenable mortality, at the indicated confidence levels, for two-tailed test), given imposed “true” 

population average effect.  Curves are based on 1,000 replications of the DD (top graph) and triple difference (bottom 

graph) regression models used in Table 2, with covariates.  In each draw, we select 20 pseudo-treated states at random 

from the combined set of 41 treated and control states, and remove a fraction of the observed deaths at random from 

the treated states, where the fraction reflects an imposed treatment effect (for the entire population), and we vary the 

imposed treatment effect from 0-5% in increments of 0.1%.  Curves for α = .10/.05/.01/.001 correspond to 

90%/95%/99%/99.9% confidence levels, respectively.  Dashed vertical line indicates minimum detectable effect at 

95% confidence level, with 80% power for full sample (Full MDE) and for Hispanics (Hispanic MDE). 
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Figure A-23. Power Analysis for Low Education Subsample:  DD Design 

Power curves for simulated Medicaid expansion as of January 1, 2012, applied to those without a high school 

education aged 45-64 during pre-treatment period (2007-2013).  Demographic data on education is available only for 

broad age groups (the best available was ages 45-64) so we present only DD and not triple difference results.  Graphs 

show power (likelihood of detecting a statistically significant effect on amenable mortality, at the indicated confidence 

levels, for two-tailed test), given imposed “true” population average effect.  Curves are based on 1,000 replications of 

the DD regression model used in Table 2, with covariates.  In each draw, we select 20 pseudo-treated states at random 

from the combined set of 41 treated and control states, and remove a fraction of the observed deaths at random from 

the treated states, where the fraction reflects an imposed treatment effect (for the entire population), and we vary the 

imposed treatment effect from 0-5% in increments of 0.1%.  Curves for α = .10/.05/.01/.001 correspond to 

90%/95%/99%/99.9% confidence levels, respectively.  Dashed vertical lines indicates minimum detectable effect at 

95% confidence level, with 80% power for full sample (Full MDE) and for low-education subsample (Low Educ. 

MDE). 
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Figure A-24. Uninsurance Rate by Single Year of Age 

Source: Authors’ calculations from American Community Survey 2009, 2013 and 2015  
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Figure A-25. Difference in Uninsurance Rate from 2012 to 2016 by Expansion Status 
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Figure A-26. Changes in mortality by single year of age 

Mean health care amenable death rate per 100,000 by single year of age are reported for both expansion and non-

expansion states before and after expansion. Difference across time (pre-2014 to post-2014 for non-expansion states; 

and pre-expansion to post-expansion in expansion states) illustrate that the death rate of each single year of age in 

expansion states have reduced relative to each analogous group in non-expansion states. The differences across age 

groups (55-64 v 65-74) illustrate that this improvement was not limited to those eligible for Medicaid. That is, the 

improvement occurred for Medicare enrollees as well. Thus even with disaggregated data by age, we do not find 

conclusive evidence of a Medicaid expansion impact on the mortality rate for the near elderly (55-64). 

Source: Author calculations from restricted access mortality files.  
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Abstract

A significant burden of diseases in developing countries is caused by acute conditions such as in-

fections, fractures and heart attacks. However, the provision of emergency care is not a priority for

many health systems in these countries. Brazil has recently shifted its health care policy focus from

the delivery of basic health care to the supply of emergent and timely care. This paper estimates the

effect of expanding pre-hospital care through fixed emergency units, called UPAs, on many hospi-

tal and health outcomes in Rio de Janeiro between 2005 and 2006, using a difference-in-differences

approach. We found that UPAs reduced the number of ambulatory procedures performed in hospi-

tals’ emergency rooms by 16.2%-18.2%. There was no major change in hospitals’ human resources,

infrastructure, admissions and inpatient length of stay. But we found a substantial reduction in total

in-hospital and inpatient mortality, which was partially a reallocation of deaths to UPAs. Once we

compare the overall mortality of places that implemented these emergency units with the ones that

didn’t, we find no differences in total deaths. Yet, their composition changed, suggesting that what

happened was not only a transfer of patients from one establishment to the other. We find evidence

that UPAs may be a better way to treat diabetes conditions and save people involved in accidents and

other external causes. However, cardiovascular diseases appear to be the main hurdle preventing the

new dynamic between UPAs and hospitals from reducing overall mortality.
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1 Introduction

Every country is constantly confronted with the challenge of providing their populations
with accessible, high quality, and efficient health care (Schoen et al., 2007). Preventive and
primary care are usually emphasized as the basis of any health care system. Nonetheless,
many health problems will continue to occur despite preventive services. A significant bur-
den of diseases in developing countries is caused by acute conditions such as infections,
fractures and heart attacks. However, the provision of emergency care is not a priority for
many health systems in developing countries (Razzak and Kellermann, 2002).

Brazil has recently shifted its health care policy focus from the delivery of basic health care
to the supply of emergent and timely care. Until the 2000s, the country’s urgent care system
kept being solely based on hospitals’ emergency rooms and suffered heavily from over-
crowding. The burden on emergency services together with their lack of organization and
integration led the government to enact the National Emergency Policy (PNAU) in 2003
and start investments on pre-hospital care. This policy introduced two new components to
the Brazilian health system: first, the emergency mobile services (SAMU), which consists
of a team of ambulances that can be called by phone. Then, later in the decade, the fixed
emergency care units (UPA), which have two main goals: relieve the demand pressure for
outpatient care over hospitals’ emergency departments and compensate for the poor supply
of primary care in some regions.

The UPAs are fixed emergency care units of intermediate complexity, between primary care
and the hospital system. They are meant to establish an organized network of emergency
care, acting as a rearguard for the stabilization of SAMU patients and, when a patient’s
complaint is not resolved within 24 hours’ observation, refer her for admission to one of
the network hospitals. They are open 24/7, should accept all cases and, in particular: i)
provide qualified and resolutive care to acute or chronic clinical conditions, ii) provide first
aid to surgical and trauma cases, and iii) carry out medical consultations on cases of lower
severity (Konder and O’Dwyer, 2016). Rio de Janeiro was the forerunner in the introduction
of this policy and in 2016 concentrated 15% of all units in the country.

This paper wants to understand whether the expansion of pre-hospital care through fixed
emergency units in Rio de Janeiro met its goal to alleviate the burden on hospitals’ emer-
gency department, improved hospital performance, and reduced local mortality rates. To
investigate the effects of UPAs we first defined health facilities’ catchment areas in three
different ways: circles with a fixed radius, static Voronoi diagrams, and dynamic Voronoi
diagrams - the last one also incorporates information on the population being served by
each establishment. We then took advantage of the policy staggered implementation across
time and locations and used a difference-in-difference and event study strategy. Our identi-
fication is supported by parallel pre-trends.

Our study found that UPAs indeed reduced the demand for hospitals’ emergency rooms:
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the number of ambulatory procedures performed dropped by between 16.2% and 18.2% .
There was also a substantial reduction in total in-hospital and inpatient mortality, which
could be interpreted at first as an increase in the quality of care provided by hospitals, but
could also simply be a mechanical shift of patients to UPAs. Once we compare the overall
mortality of places that implemented these emergency units with the ones that didn’t, we
indeed find no differences in total mortality. Deaths seem to move mainly from hospitals,
other health facilities, and the streets to UPAs.

Yet, the composition of these deaths changed, suggesting that what happened was not only
a transfer of patients from one establishment to the other. We find evidence that UPAs may
be a better way to treat diabetes conditions and save people involved in accidents and other
external causes. However, cardiovascular diseases appear to be the main hurdle prevent-
ing the new dynamic between UPAs and hospitals from reducing overall mortality. Our
results suggest that there was an increase of 2.5 deaths related to cardiovascular conditions
per 100,000 people after UPAs implementation and that it offsets any gains from the better
treatment of diabetes and accidents. Our conjecture is that these deaths might be caused
by a failure to properly integrate UPAs with hospitals and primary care, as suggested by
Konder and O’Dwyer (2016). If this is the case, and the system integration is improved, our
results indicate that UPAs benefits could be leveraged and produce real gains in mortality.

We relate to three different branches of the emergency care literature. The first one tries
to understand the impacts of retail clinics (Alexander et al., 2018; Hollingsworth, 2014) and
urgent care centers (Cummings, 2019) on hospitals’ emergency department (ED) visits. Their
results identify significant drops in ER usage for different conditions and Alexander et al.
(2018); Hollingsworth (2014) estimates considerate cost savings from it. Another literature
branch is interested in the analysis of hospitals’ performance and patient outcomes when
there are short term fluctuations in hospital demand (Sharma and Stano, 2008; Evans and
Kim, 2006; Johar et al., 2013). Finally, there are the studies that focus on health outcomes
and how they change with emergency rooms closing or opening (Avdic, 2016; Rocha and
Fernandes, 2016).

Our study has a broader perspective and does not investigate only one specific aspect of
implementing fixed emergency care units, but all of them together. We want to have a full
picture of UPAs’ influence on hospital’s demand for ambulatory care, on how they affected
hospitals’ structuring, performance, and patient outcomes and if the policy changed the
overall mortality of individuals.1 We take advantage of very detailed datasets with infor-
mation on hospitals’ resorces, admissions, ambulatory procedures, and health outcomes,
together with distinct data on mortality, that allows us to know the location of death (home,
street, which health facility, etc). Our purpose is to help provide more information towards
the design of better emergency health systems, considering the context of developing coun-
tries and how they face serious constraints on public resources.

1We also intend to perform a cost-benefit analysis, but it is still not present in this version
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This paper is structured as follows. Section 2 provides a brief history of the Brazilian Unified
Health System and the National Emergency Policy, together with a background about the
fixed emergency care units implemented. Section 3 describes the various datasets used in
our statistical analysis. Section 4 describes the hospital catchment areas developed. Section
5 outlines our empirical strategy. Section 6 provides results on hospital performance and
Section 7 on local mortality. Section 8 discusses and concludes.

2 Background

2.1 The Brazilian Health System

The Brazilian health system is based on the Federal Constitution of 1988, which defined
health care as a citizen’s right and a state’s duty. To translate this basic right into practice, the
Unified Health System, known as SUS, was created, which universally supplies preventive
and curative care through a decentralized management. It is now the largest public health
system in the world.2 Free health care is provided both in public establishments and private
health facilities associated with SUS. The services offered range from simple outpatient care
to organ transplantation.

During the 1990s, The Brazilian health system progressed toward the supply of basic health
care at the community level through the Family Health Program (PSF). It placed primary
care medical doctors and community health agents within poor communities and expanded
outpatient care towards outreach and prevention. Ten years after its creation, it had already
reached nearly every municipality in the country (Bhalotra et al., 2019). A thriving litera-
ture has shown how positive this program has been in reducing maternal, foetal and infant
mortality. (Macinko et al., 2006; Aquino et al., 2009; Rocha and Soares, 2010; Bhalotra et al.,
2019).

The urgent care system in Brazil, however, kept being solely based on hospitals’ emergency
rooms and suffered heavily from overcrowding. The burden on emergency services together
with their lack of organization and integration led the government to reorient SUS towards
pre-hospital care in the early 2000s (O’Dwyer et al., 2013). The National Emergency Policy
(PNAU) was enacted in 2003 3 and introduced two new components in the system: first,
the emergency mobile services (SAMU) 4, which consist of regulatory centers and a team of
ambulances that can be activated by the 192 telephone number (Machado et al., 2011). Then,

2The private sector also plays an important role in the Brazilian health system. The country has the second
largest private insurance market by number of users in the world, covering 25% of the population. This is
a regulated market, where most private health plans are either small or medium sized local firms. These
plans often operate via contractual arrangements and their medical care is provided through partnership with
private clinics and hospitals (Elias and Cohn, 2003).

3Ordinance No. 1863/2003 established the National Emergency Policy.
4Ordinance No. 1864/2003 implemented the Pre-hospital Care Mobile Service in all municipalities and

regions of Brazil (?).
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Table 1: UPAs Characteristics by Size

UPA 24h Population Covered Min. Area Avg. Medical
Visits per Day

Min. No. of Doctors
per Day/Night Shift

Min. Number of
Observation Beds

Federal monthly
transfers (R$)

Size I 50,000 to 100,000 700 m2 150 patients 2/2 7 100,000
Size II 100,001 to 200,000 1.000 m2 250 patients 4/2 11 175,000
Size III 200,001 to 300,000 1.300 m2 350 patients 6/3 15 250,000

Source: Official Journal of the Union, Brasilia, 2013 .

later in the decade, the stationary emergency care units (UPA), with Rio de Janeiro being the
forerunner state. 5

2.2 UPAs

The UPAs are fixed emergency care units of intermediate complexity, between primary care
and the hospital system. They are meant to establish an organized network of emergency
care, acting as a rearguard for the stabilization of SAMU patients and, when a patient’s
complaint is not resolved within 24 hours’ observation, refer her for admission to one of the
network hospitals (O’Dwyer et al., 2013).

UPAs are open to the public 24/7 and offer a simplified structure, with X-ray, electrocardio-
graphy, pediatrics, laboratory of clinical examinations and observation beds. They should
accept all cases and, in particular: i) provide qualified and resolutive care to acute or chronic
clinical conditions, ii) provide first aid to surgical and trauma cases, and iii) carry out med-
ical consultations on cases of lower severity (Konder and O’Dwyer, 2016). Upon arriving
at the units, patients undergo a triage process in which they are classified according to risk
bands and the severe cases are treated first. Some patients might be kept under clinical ob-
servation for up to 24 hours for diagnostic elucidation or clinical stabilization and, if their
complaint is unresolved, referred to a hospital after 24 hours. Unfortunately, the integration
of these units into the rest of the care network (primary, SAMU, and hospitals) is question-
able in practice (Konder and O’Dwyer, 2016).

Three UPAs’ sizes were established according to the targeted population and the installed
capacity (physical area, number of beds, human resources and daily capacity of medical
attendance). Table 1 summarizes these characteristics.6 In the state of Rio de Janeiro, the
focus of this article, there are mostly UPAs of sizes II and III.

The management of UPAs is not necessarily done by public agencies. Their administration
can be delegated to Social Organizations (OS). As described in Rocha and Fernandes (2016),
these are non-profit private entities that receive resources to manage the physical structure,
equipment and human resources of health facilities. The contract established between the

5Ordinance No. 2922/2008 established guidelines for UPAs implementation and defined conditions, re-
sponsibilities and prerequisites for setting up these facilities within emergency care networks.

6Ordinances No. 2648/2011 and No. 342/2013 defined and updated these three sizes. Later, Ordinance
No. 10/2017, relaxed the number of doctors in each UPA and the units started to be categorized in eight sizes.
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OS and the Municipal or State government define standards, targets and how many con-
sultations should be made. In Rio de Janeiro, all municipal UPAs are managed through OS
and, starting in 2012, also every state UPAs.

The amount of federal investments designated to UPAs implementation and to monthly
transfers that help cover cost were defined in accordance with each unit size and are also
displayed in Table 12. It is important to note that these transfers are not enough to cover all
UPAs costs, so States and Municipalities also need to contribute. In Rio de Janeiro, OSs were
receiving around 1 million reais each month to manage State UPAs in 2016.7

In 2016 Brazil had 421 UPAs, of which 68 (or 15%) were located in Rio de Janeiro. The
State was a forerunner in the introduction of this policy, with its first unit being inaugu-
rated in May 2007 at the Maré Community. The two main purposes highlighted for the
implementation of UPAs were: compensate for the shortfall in the primary care and allevi-
ate overcrowded hospital’s emergency departments.8 Figure 2 shows the fast evolution of
this policy in Rio de Janeiro.

[Figure 1: Number of UPAS Figure]

Since the main goal of UPAs is to provide similar care to hospitals’ ER and reduce the pres-
sure on them, we wanted to assess how comparable they are. Table 1 shows the total number
and the distribution of ambulatory procedures performed in both stablishments between
2005 and 2016 and confirm that they are close substitutes. Both are primarily based on
diagnostic and clinic procedures, which comprises more than 90% of all care provided by
them. Hospitals’ ER performs relatively more diagnostic procedures than UPAs (43.4% ver-
sus 24.2% in UPAs) and are more diverse and specialized. However, both rely basically on
clinical laboratory tests, extraction of sample cells/tissues and x-rays. UPAs, on the other
side, execute relatively more clinical procedures (75.1% against 50.2% in hospitals’ ER) but,
both focus on doctor appointments, emergency consultations, and nursing care.

[Table 2: Ambulatory Procedures - Hospital ER vs. UPAs]

3 Data

To analyze hospitals’ performance, our primary sample contains all UPAs and general hos-
pitals with emergency and SUS care in Rio de Janeiro between 2005 and 2016. These facilities
and their geographical location are identified with the help of two data sources: the National
Register of Health Establishments (CNES) and the National Hospital Information System

7http://g1.globo.com/rio-de-janeiro/noticia/2016/05/fundacao-que-vai-gerir-upas-do-estado-do-rio-
preve-economia-de-30.html

8In the words of the Health Secretary of State of Rio de Janeiro, the UPA came to: "bring quality health care
to the neediest population, rescue it from its life and death in the queues and overcrowded hospital corridors."
(O Globo, 03/26/2009, Opinion section).
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(SIH-SUS). CNES has information on every Brazilian health institutions and their human re-
sources, installed capacity, location and type of services provided, regardless of whether or
not they provide care to SUS users. It is available since 2003 on a monthly basis, but gained
a new version in 2005. SIH contains administrative information at the hospitalization level.
This data is managed by the Ministry of Health, which receives information about hospi-
talizations from public and private hospitals through standardized inpatient forms - AIHs
(Autorização de Internação Hospitalar). It includes all hospital admissions funded by SUS.

Between 2005 and 2016, there were 137 general hospitals with ER and SUS care in Rio de
Janeiro. Among those, 23 opened and/or closed in the period and were controlled for in
our analyses. Another 10 had very poor information on SIH and were not considered in the
study, leaving us with 104 hospitals that constitute our main sample. To identify these hos-
pitals, we started from the sample of all hospitals that appeared on SIH between 2005-2016
and checked both on CNES and on the internet which ones had emergency departments and
were not specialized. Through CNES, we also identified all 68 UPAs inaugurated in the pe-
riod and were able to obtain the latitude and longitude of all establishments.9 The location
of some facilities were not accurate, so we checked them using Google maps and fixed the
ones that were not correct.

In the study of hospitals’ performance, we focus on four groups of outcomes available from
the Brazilian Ministry of Health (MS/Datasus). The first one involves the ambulatory proce-
dures performed at hospitals’ ER. The goal is to see whether UPAs had the desired effect of
reducing the pressure on hospitals’ emergency departments. This data comes from the Na-
tional Ambulatory Information System (SIA-SUS), which contains administrative informa-
tion on all outpatient care funded by SUS, including: diagnosis, observation, consultation,
treatment, intervention, and rehabilitation services. SIA provides microdata at the proce-
dure level and, unfortunately, a large number of codes change over time. Because of severe
compatibility issues, we focus the analysis on major classes of procedures: health promotion,
diagnostic, clinic and surgical.10

Second, we analyze if the implementation of UPAs produced any restructuring in hospitals’
human resources and infrastructure. Data comes from CNES and comprises information on
the total number of professionals, physicians and nurses, average hours worked in ambula-
tory and hospital structure, as well as hospital beds and equipments.

Then we investigate outcomes related to hospitalizations. Less congestion in hospitals’ ERs
might increase relative resources and improve hospital performance towards its inpatients.
But this depends on patient selection and hospital response. SIH provides us with many
inpatient information such as cause and type of admission to the hospital, duration of stay,
final outcome (discharge or death) and individual socioeconomic characteristics (municipal-

9Available at: http://dados.gov.br/dataset/cnes
10Another 14 hospitals had very poor ambulatory data, with many missings. Therefore, this analysis in-

volved only 90 hospitals.
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ity and zipcode of residence, gender, and date of birth).

Finally, we examine hospitals’ mortality rate as a whole: aggregating inpatient and outpa-
tient deaths. In this analysis, we rely on data from the National System of Mortality Records
(SIM), which gathers information on every death officially registered in Brazil. It contains
data on cause, date and location of death, date of birth, and municipality of residency (or
neighborhood of residency in the case of Rio de Janeiro city).11. Table 3 presents the sum-
mary statistics of the main variables used in the hospital performance study between 2005
and 2016 and its data sources.

[Table 3: Hospitals’ Performance - Summary Statistics]

In the second part of this study, we investigate the effects that UPAs have on the overall
mortality rate of Rio de Janeiro’s population. This will allow us to have a better picture
if mortality only shifted from hospitals to other locations, if there was actually an improve-
ment related to better health access and care or even the possibility that UPAs might provide
a lower quality of care and increase deaths. In this analysis our sample is composed of all
neighborhoods in the city of Rio de Janeiro (a total of 144) plus the other municipalities in
the state (a total of 91) by quarter from 2005 to 2016. The SIM database allow us to classify
deaths by different causes and by different locations (hospital, UPAs, other health facilities,
household, street and other). Table 4 presents the summary statistics of Rio de Janeiro’s
overall mortality by cause of death and by location between 2005 and 2016.

[Table 4: Overall Mortality - Summary Statistics]

4 Hospitals’ Catchment Area

A hospital catchment area is the geographic region and population from which the estab-
lishment draws its patients. Many questions related to admissions rates, differences in mor-
tality, changes in hospital use over time cannot be answered without knowledge of the area
a hospital is expected to serve (Gilmour, 2010). In our case, we want to understand which
hospitals were affected by the implementation of a nearby UPA, and see if or how their
demand and performance changed.

The proper identification of hospitals catchment areas comprises a big challenge: it should
capture a significant portion of the facility’s patient activity and exclude areas whose contri-
bution represents random variation (DC and Wang, 2015). Many factors influence patients’
choice of hospital like distance to closest facility, perceived quality of care and waiting times.
In healthcare markets, distance to a medical provider is one of the most important predic-
tors of provider choice (Capps et al., 2003; Gowrisankaran et al., 2015; Ho, 2006; Raval et al.,

11In this analysis our sample starts in 2006 instead of 2005 because the establishments’ codes in the SIM
database changed in 2006, so we were not able to match them
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2017). Gowrisankaran et al. (2015), for example, find that a five-minute increase in travel
time to a hospital reduces demand between 17 and 41 percent. Consistent with these results,
many methods for defining a hospital catchment area are based mainly on distances and
travel time 12. Since our study is focused on emergency care, we believe it is appropriate
to assume that individuals, under an urgent situation, go to nearby facilities. Among the
many methods to define a hospital service area, we focused on circles of a specific radius
and Voronoi (or Thiessen) polygons.13 Below we describe how we constructed them, their
benefits and disadvantages.

4.1 Circle with 6km radius

We opted to start with the simplest definition of catchment area, which is circles centered on
the physical location of hospitals. This approach has been used to reflect competition among
health providers within an area since catchments overlap (Cooper et al., 2018). A radius of
6 kilometers for all circles was defined based on the average distance traveled by patients
admitted to the hospitals under an emergency situation.14 We did not construct circles with
different radius for each hospital based on their patients’ demographics because, for some
of them, this information seemed to have been poorly filled (no variation in zip codes) or
had many missings. Figure 2 shows this definition of catchment area, together with UPAs
that fall inside it or not and hospitals that opened or closed in the period.

[Figure 2: Hospital Catchment Area: 6km Circle]

4.2 Static Voronoi Polygon

The Voronoi (or Thiessen) polygon comprises all points in space that are closest to the hos-
pital under consideration than to any other. This approach assumes that patients will travel
to the facility that is closest in Euclidean space. In the static, approach we define the Voronoi
polygons only for the hospitals in our main sample that do not close or open between 2005
and 2016. Hospitals that are very close to each other had their catchment areas merged to-
gether.15 UPAs will not change hospitals’ catchment area and treatment will be defined if
they fall inside it. The same applies to new hospitals or the ones that will eventually close.
Figure 3 depicts this strategy.

[Figure 3: Hospital Catchment Area: Static Voronoi]

12See DC and Wang (2015) for a review on the methods used to estimate catchment areas.
13In principle, we could have also used patient flow methods, that assign geographical units to a hospital

catchment area if the proportion of the hospital’s total activity from that geographical unit is above some
threshold value or margin. However, since we cannot guarantee the reliability of inpatients’ zip code provided
at SIH, we opted not to explore it in a very detailed way.

14In the SIH database it is possible to classify hospitalizations as elective or emergency.
15Close hospitals were defined as the ones whose distance was below 1.3 kilometers, which is the 25th

percentile of distances between two hospitals that are closest to each other.
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4.3 Dynamic Voronoi Polygons

In the dynamic version of the Voronoi polygons, we incorporate two new features: i) catch-
ment areas now change dynamically across time as UPAs and new hospitals are built (or
closed), and ii) the population living in each polygon is also computed so we can measure
how the coverage/demand for each hospital change over time. Figure 4 illustrates how
these catchment areas change across time. The population covered by each polygon is cal-
culated by overlaying it with 2010 census tract information. Hospitals that are very close to
each other had their catchment areas merged together.

[Figure 4: Hospital Catchment Area: Dynamic Voronoi]

The voronoi method has three main disadvantages at first sight: it does not account for i)
traffic and different transportation methods, ii) geographic barriers iii) facility size or capac-
ity. Points one and two are related to the fact that linear distances might not be a good proxy
for travel time. We believe this could be the case mainly in Rio de Janeiro city, which suffers
from heavy traffic congestion, has a metro system and an intricate bus network. To bypass
this constraint, we conducted analyses with and without Rio de Janeiro city, and results
were similar. Point two is explored through figures A-XXX to A-XXX, where we argue that
mountains do not seem to be a problem in our analysis: highly elevated areas tend to have
very low population densities and be situated in the polygons frontier. Also, hospitals and
UPAs are usually located in the center of very dense areas. In addition, figure XXX shows
that Rio de Janeiro is well connected through roads, despite its natural barriers.16. The third
disadvantaged could be alleviated by using ponderated voronoi diagrams like in Rezende
et al. (2000), in which weights are the annual admission rates estimated for each unit. This
approach is being studied.

5 Empirical Strategy

5.1 Hospital Performance

To investigate the effects of UPAs on hospitals’ performance, we take advantage of the pol-
icy’s staggered implementation across time and locations and use a difference-in-difference
strategy. Our unit of observation is a general hospital with emergency and SUS care at a
point in time. Data goes from 2005 until 2016 on a quarterly basis. So our empirical specifi-
cation in this setting is:

Outcomeht = α + θh + µt + β[Number of UPAs]ht + X′htγ + εht (1)

16Another possibility to deal with points one and two would be to calculate travel time from all census
tracts to each health facility, but this was considered too computationally demanding. It does not seem, given
the arguments cited above, that we would obtain results significantly different.
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where Outcomeht represents some outcome variable (measuring ambulatory procedures,
hospitalization, resources or mortality)17 for hospital h in quarter t, [Number of UPAs]ht

counts the number of UPAs that falls inside hospital h catchment area (6km circles or voronoi
polygons) in quarter t, Xht denotes a set of hospital controls, θh is a hospital fixed effect, µt

is a quarter dummy, εht is a random error term, and α, β and γ are parameters. We include
hospital fixed effects to control for unobserved covariates that vary across establishments
but are fixed over time (e.g. climate, geography and initial health infrastructure conditions).
Time fixed effects control for determinants that are constant across hospitals but vary over
time (e.g. seasonal diseases and political cycle). Treatment is recorded in event time, relative
to the quarter each hospital received the first UPA in its catchment area. In all regressions
our standard errors are clustered at the hospital level, or at the group of hospitals close to
each other, to account for the possibility of serially correlated and heteroskedastic errors.

The second specification we use to study hospital performance and take advantage of the
dynamic voronoi catchment areas is the following:

Outcomeht = α + θh + µt + β[% Pop. Captured by UPA]ht + X′htγ + εht (2)

The difference from the first specification is in our policy variable of interest. Instead of
it being the number of UPAs that are built inside a hospital catchment area, it is now the
percent of the initial population served by a hospital that is captured by an UPA when it
is introduced in an area nearby. More specifically, we first calculate the population cared
for by all hospitals in the baseline. Then, when an UPA is introduced, its catchment area
will interfere with the hospital’s original one by capturing patients from it. So instead of
serving 100% of the population from its initial catchment area, the hospital will care for 80%
of its patients after the construction of an UPA close by. So the [% Pop. Captured by UPA]ht

will be 20% in this case. The average percent of a hospital’s demand that is captured by
UPAs in our sample is 26%. This strategy allows us to be more precise in our treatment and
incorporate the main channel through which UPAs may affect hospitals: the assimilation
of part of their patients. Also, differently from specification one, we are able to capture the
effects of UPAs that are not too close to a certain hospital (and therefore would not be treated
in our circle or static voronoi catchment area), but are in fact affecting it by retaining demand
from nearby neighborhoods or cities.

The key identification assumption underlying both approaches is that, conditional on hos-
pital and time fixed effects and on the time-varying controls Xht, the introduction of UPAs
is orthogonal to the error term. The main challenge to this specification is that the introduc-
tion of an UPA in a certain region may depend on hospital and local health conditions and,
therefore, be an endogenous variable. Indeed, the official speech suggests that the location
of UPAs was chosen based on locations with poor supply of health care and by epidemio-

17For some outcomes, We use a log-linear model so that the regression coefficients are interpretable as
(approximate) fractional changes in mortality.
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logical and demographic characteristics of the population (Rocha and Fernandes, 2016). In
addition, table 5 also shows that treated and untreated hospitals are different in the baseline
period: the ones that received an UPA nearby are substantially bigger in most dimensions.
However, given that this selection rule is based on fixed characteristics (initial conditions)
or slow (demographic) characteristics, we argue that hospital fixed effects are able to control
for the main factors potentially correlated with our outcomes of interest.

Treatment and control groups also need to show similar trends in outcomes in the absence
of UPAs implementation. To check whether trends differ between treated an untreated hos-
pitals we perform event study analyzes, which are displayed in Figures 5 to 7. All of them
suggest that the parallel trends assumption hold.

Another econometric concern regarding our specification is omitted variables. Rio de Janeiro
experienced the adoption of other social policies during this period, specially the expansion
of the Family Healh Program in its capital. To account for the possibility of competing
programs and events that may be correlated with UPAs and affect hospital outcomes, we
include the following controls in our specification: i) the percent of the population in each
city covered by PSF teams; ii) hospitals that received a Regional Emergency Coordination
Center (CER), which is equivalent to an expansion of their emergency departments iii) hos-
pitals included in the Support Program for Countryside Hospitals (PAHI); iv) hospitals that
receive incentives from the Intensive Care Unit Support Program (PA-UTI); v) hospitals that
were part of the Stabilization Rooms Support Program (PASE); vi) the opening or closing of
hospitals that provide emergency and SUS care in the catchment areas.

We are also wary of assigning too much importance to statistically significant results in
particular specifications given the number of estimates we produced, although we did not
conduct formal Bonferroni type p-value adjustments. Only results that are statistically sig-
nigicant at a 5% level or better and consistent across specifications will be taken into consid-
eration.

[Table 5: Comparison between Treated vs Untreated Hospitals]

5.2 Local Mortality

We now turn to the evaluation of UPAs’ impacts on Rio de Janeiro mortality rates as a whole.
Any drops we might find on hospital deaths could be simply a mechanical shift to UPAs and
not really represent any effects on health outcomes. On the other hand, an increase in hospi-
tal deaths could be driven by more referrals from UPAs and indicate better access to health
instead of worsening delivery of care by hospitals. Therefore it is important to conduct this
analysis to better understand the entire story behind UPAs implementation. We use a simi-
lar methodology to Rocha and Fernandes (2016), but with we have more granularity in our
data. In Rio de Janeiro city we have information segregated at the neighborhood level, so we
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take advantage of it.18 Our unit of observation is a neighborhood/city in Rio de Janeiro at a
point in time. The main strategy will again be based on a difference-in-difference estimator:

Mortality Ratect = α + θc + µt + β[Number of UPAs]ct + X′ctγ + θ(Mort2005c × Tt) + εct

(3)

where Mortality Ratect represents deaths per 100,000 people in city/neighborhood c and
quarter t (total and by different causes and locations)19, [Number of UPAs]ct counts the
number of UPAs that falls inside city/neighborhood c in quarter t, Xct denotes a set of
city/neighborhood controls, θc is a city/neighborhood fixed effect, µt is a quarter dummy,
(Mort2005c× Tt) is a mortality linear trend, specific for each city/neighborhood, εct is a ran-
dom error term, and α, β and γ are parameters. Treatment is recorded in event time, relative
to the quarter each city/neighborhood received the first UPA. In all regressions our standard
errors are clustered at the city/neighborhood level, to account for the possibility of serially
correlated and heteroskedastic errors.

The econometric concerns discussed above also apply in this context and are handled in
a similar way. Table 6 shows that there exist differences in mortality between treated and
untreated regions, but we believe our city and neighborhood fixed effects will help handle
the problem. We also included a specific time trend where we multiply each region’s average
mortality rate in 2005 by a linear time trend. And, in addition to set of controls used before,
we also incorporate in the model the local GDP per capita and the percent of the population
covered by health insurance. An event study analysis is also performed to assess the validity
of parallel pre-trends. Figure 8 provides evidence that our data satisfy this assumption.

[Table 6: Comparison between Treated vs Untreated Cities/Neighborhoods]

6 Hospital Performance

6.1 Ambulatory Procedures

We first want to understand whether the provision of pre-hospital care lowered demand
for hospitals’ emergency departments. In Table 7 we can see that, across all specifications
there was a significant and expressive drop in the total number of ambulatory procedures,
regardless of whether we include or not the city of Rio de Janeiro. The magnitudes are also
consistent across specifications, with a decrease of 16.2% in the circles specification, a 17.7%
drop in the static Voronoi and, taking into consideration that the hospital population cap-
tured by an UPA is 26% on average, a coefficient of -0.007 represents a drop of around 18.2%
in the total number of procedures performed in hospitals ER. The event study depicted in

18For the rest of the state we use municipalities as our unit or observation.
19Deaths are calculated according to individuals’ city or neighborhood of residence.
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Figure 5, reveals that there are no pre-trends and is consistent with a persistent drop in the
number of procedures performed by hospitals ER after an UPA is introduced nearby. Table
8 shows that this drop is composed mainly of clinic procedures, which is the class most per-
formed by UPAs and hospitals ERs, but also of diagnostic and minor surgical procedures.

These results reveal a strong evidence of a decrease in the demand for hospitals ER, sug-
gesting that UPAs had the desired effect of reducing the burden on hospitals emergency
departments. However, it is important to investigate whether this reduction had any effects
of hospitals’ structuring, admissions, provision of care and health outcomes.

[Table 7: DD - Total Number of Ambulatory Procedures]

[Figure 5: DD Event Study - Log(Number of Ambulatory Procedures Performed)]

[Table 8: DD - Ambulatory Procedures by Type]

6.2 Human Resources and Infrastructure

By looking at hospitals’ human resources and infrastructure we want to assess if UPAs
caused any restructuring or adjustments in their resources that could eventually be trans-
lated into better care. Our results, depicted in Tables 9 to 11, suggest, in general, that there
was no big change in the allocation of hospital resources.20 Given that many of the hospitals
in our sample are directly managed by the State or Municipal government (43%) and need
to comply with a very rigid and slow bureaucracy to buy equipment and hire or dismiss
health professionals, it is reasonable to expect no changes.21 The exception Was life sav-
ing equipment (e.g., defibrillators and lung resuscitators), which showed a significant and
considerate increase following UPAs implementation in the circle and static voronoi spec-
ification. This needs to be better investigated, but could be related to gains of scale in the
government bidding process to buy them for UPAs.

[Table 9: DD - Human Resources]

[Table 10: DD - Hospital Beds]

[Table 11: DD - Hospital Equipments]

6.3 Hospitalizations

The goal of this analysis is to see whether the reduction in hospitals’ ER overload had any
effects on hospital inpatient admissions and services. Table 12 shows no evidence of an UPA
impact on the total number of hospitalizations. All specifications, together with the event

20Some results do not permit us to rule out an effect because of large standard errors.
21A plausible next step would be to analyze if there were any changes in hospitals that are not directly

managed by the government.
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study graph, which reveals no pre-trends, show results revolving around zero. Aligned
with this evidence, Table 15 depics no impact of UPAs on inpatient bed occupancy rates or
on overcrowding measures of inpatient wards.

Even thought there seems to be no change in total number of admissions, their composition
might have changed. Tables 13 and 14 try to investigate this. The first one shows elective and
emergency hospitalizations together with admissions that are amenable and non-amenable
to ambulatory care. Conditions amenable to ambulatory care are the ones for which hospi-
talization could potentially be avoided. They include a set of diseases and health problems
for which timely and high-quality primary healthcare should decrease the risk of hospital
admission, such as diseases preventable by immunization, nutritional deficiencies, diabetes,
heart diseases, hypertension, asthma and cerebrovascular diseases.22 The second depicts
more specific causes of hospitalization: cardiovascular diseases, diabetes, respiratory dis-
eases, external and other causes. Results come up insignificant for most types and causes
of admission to the hospital, but the big standard errors do not allow us to make more
conclusive statements. The exception is diabetes, where the circle and static Voronoi spec-
ifications show a drop of 17.9% and 16.7% in the number of admissions. This is consistent
with Alexander et al. (2018), which finds a drop in ER use for complications of diabetes after
the opening of retail clinics.

Table 16 displays the effects of UPAs on hospital inpatient health outcomes, more specif-
ically, total deaths, the percentage that died within 24h and 48h, and length of stay23,24.
Deaths within 24 and 48 hours are measures constructed to capture more acute conditions,
usually related to emergencies. Length of stay (LOS) is often used as an indicator of per-
formance, and can also capture management decisions when a hospital becomes capacity
constrained, like showed in Sharma and Stano (2008). A shorter stay will reduce the cost per
discharge and shift care from inpatient to less expensive post-acute settings. In our setting,
LOS is calculated as the deviation from the Brazilian expected LOS for each age-gender-ICD
cell.

Total number of inpatient deaths seem to be dropping by around 7.8% to 9.4% even thought
evidence is not as robust as we would like. But when we look at the percentage of in-
hospital deaths we see a drop between 0.46% and 0.79%, suggesting the inpatient survival
rate got higher. This could be driven by better care provided by the hospital once it is not
constrained by overcrowded ERs or a selection of healthier patients into hospitals (the worse
cases might not be reaching the facility and dying somewhere else). When looking more
specifically at deaths within 48 hours (24 hours) we find stronger evidence that they dropped

22Our definition of primary care conditions follows the ones described by the Brazilian Ministry of Health
in Ordinance 221/2008.

23These percentages are among the whole set of possible outcomes in a hospital admission, which are
deaths, discharges and transfers

24Readmission is a major performance indicator of the quality of care. Unfortunately, since SIH does not
allow us to fully identify a particular patient, it is not possible to know if the same person was readmitted or
not to the hospital later on
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after UPAs implementation, with point estimates ranging from -0.21% to -0.32% (-0.09% to
-0.16%), which is considerate since its mean is around 2.1% (0.9%). These types of death tend
to be more related to emergency hospital admissions, which arrive many times through the
front doors of AE departments. We cannot, however, guarantee so far that this drop in
inpatient mortality is related to better hospital service given less crowded ERs or if it is just
a shift of deaths between hospitals and UPAs. Length of stay results shows no significant
change in it.

In table A1, we segregate some of these outcomes by different types of hospital admissions
and find that indeed the 48h deaths are related to emergencies, but also to conditions not
amenable to ambulatory care and to cardiovascular diseases. And, more interestingly, we
find evidence that the total number of inpatient deaths given to diabetes dropped by a sig-
nificant amount: between 7.8% and 17.2%. When analyzed together with the effects on local
mortality, we will be able to better assess whether the drops in total number of diabetes’
admissions and inpatient deaths is related to improvements in timely access to healthcare
or just a shift of deaths to UPAs.

[Table 12: DD - Total Number of Hospital Admissions]

[Figure 6: DD Event Study - Log(Number of Hospital Admissions)]

[Table 13: DD - Hospital Admissions by Type/Major Cause]

[Table 14: DD - Hospital Admissions by Specific Diseases]

[Table 15: DD - Effects on Hospital Inpatient Occupancy Rate]

[Table 16: DD - Effects on Hospital Inpatient Outcomes]

[Table A1: DD - Effects on Hospital Inpatient Outcomes by Admission Type]

6.4 Hospital Inpatient and Outpatient Deaths

Among hospital outcome indicators, mortality rates are the most widespread measures.
Now we will dedicate more attention to the overall mortality inside the hospitals, which
includes both outpatient and inpatient deaths. As we can see in Table 17 , there is sugges-
tive evidence of a substantial drop in mortality, with point estimates between -5.2% and
-8.6%. This is supported by the event study analysis performed in Figure 8, which sustains
our identification assumption of no pre-trends and shows a persistent drop in mortality after
UPAs implementation in both specifications.

Table 18 reveals that this reduction seems to be driven both by causes amenable and non-
amenable to ambulatory care. We need to investigate further which conditions inside the
other diseases category could be contributing to its expressive drop in mortality. The find-
ings shown in the next section, which take into consideration local and not only in-hospital
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deaths, will help us better understand whether the improvements we identified inside hos-
pitals are consistent with better access to healthcare or just caused by a mechanical shift in
demand.

[Table 17: DD - Total Number of Hospital Deaths]

[Figure 7: DD Event Study - Log(Number of Hospital Deaths)]

[Table 18: DD - Total Hospital Deaths by Type]

7 Local Mortality

Now we are finally going to study the impact of UPAs on the overall mortality rates of re-
gions affected by it. Any reductions found on hospital deaths could be simply a mechanical
shift to UPAs and not really represent improved health outcomes driven by better access or
better services provided in both facilities. Or perhaps, UPAs might not be delivering a good
service which could increase local mortality. Therefore it is important to understand a more
complete picture of UPAs’ implementation.

Table 19 shows our DD estimates for an impact of UPAs on the number of deaths per 100,000
people in the cities/neighborhoods with these units. As we can see, in specifications with
and without Rio de Janeiro city, there seems to be no effect of UPAs on mortality. This finding
is sustained by our event study analysis in Figure 8.

Table 20 divided these deaths by the location they occurred: hospitals (which are not limited
anymore to general hospitals with SUS and emergency care), UPAs, other health facilities
(PSF clinics, for example), household, street, and other places. As expected, since UPAs did
not exist and were introduced as a new point of access to timely and urgent care, mortality in
these facilities go up after its own implementation. The important question is whether UPAs
were able to take better and more immediate care of its new patients than previously existing
health facilities, especially hospitals ERs, which are their close substitutes. Estimates show
that mortality in hospitals, other health facilities and on the streets dropped by a higher
rate than they grew in UPAs and this could indicate this policy success. However, mortality
also went up at home and other places. One hypothesis is that patients might have gone to
UPAs seeking care and been inappropriately diagnosed and discharged, dying at home or
at work.25 When we net out mortality across all locations, the reduction in mortality was
small and insignificant as depicted in Table 19.

Even though there seems to be no reduction in the overall mortality caused by UPAS, the
composition of deaths might have changed, revealing for which conditions UPAs have a
comparative advantage or disadvantage. Table 21 depicts the UPAs’ impact on different

25This possibility is supported by news in the media such as: https://g1.globo.com/rj/sul-do-rio-costa-
verde/noticia/bebe-de-seis-meses-morre-apos-dar-entrada-na-upa-e-receber-alta-em-barra-mansa-rj.ghtml
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groups of diseases. Surprisingly, deaths related to cardiovascular diseases go up by a con-
siderate amount. This should be investigated further but could be related to worse diagnosis
and treatment of these diseases in UPAs or to conditions, such as strokes, that should be, but
are not readily transferred to hospitals.26 On the other hand, deaths related to diabetes re-
duced, indicating that UPAs might provide better access and services to such patients. There
was also a drop in deaths caused by external situations, such as injuries, poisoning, traffic
accidents and homicides. This suggests that UPAs are delivering immediate care for which
they were designed. The conditions categorized as "others" also showed a reduction and
should be better studied to understand what might be driving it. Table A2 shows these re-
sults by cause-location and indicates that the increase in cardiovascular deaths is coming
from UPAs, home and other places. And that the reduction of deaths on the street is related
to external causes, which is totally expected.

[Table 19: DD - Effects on Overall Mortality]

[Figure 8: DD Event Study - Effects on Overall Mortality per 100,000 people]

[Table 20: DD - Effects on Mortality by Location]

[Table 21: DD - Effects on Mortality by Cause]

[Table A2: DD - Effects on Mortality by Cause-Location]

8 Discussion and Conclusion

After a substantial expansion in the supply of primary care in the 1990s, Brazil’s health sys-
tem focused on pre-hospital care and enacted the National Emergency Policy in 2003. One
of the main pillars of this policy is the fixed emergency care unit, called UPA. These estab-
lishments were developed with the purpose to reduce the burden on overcrowded hospitals
emergency rooms and compensate for the shortfall in the primary care in some regions. In
this paper, we wanted to assess whether this policy met its goals, improved hospital perfor-
mance, and reduced local mortality. For this, we defined three hospital catchment areas and
used a difference in differences approach taking advantage of the scattered implementation
of UPAs across time and regions.

Our study found that UPAs indeed reduced the demand for hospitals’ emergency rooms,
which is seen through a reduction of between 16.2% and 18.2% in the number of ambulatory
procedures performed. There was also a considerate drop in total in-hospital and inpatient
mortality, which could be interpreted at first as an increase in the quality of care provided
by these establishments. It could, however, be only a mechanical shift of deaths to UPAs.

26The Ministry of Health website explicitly advises that strokes should be treated in hospitals and that
other health facilities need to transfer such patients immediately: http://portalms.saude.gov.br/saude-de-a-
z/acidente-vascular-cerebral-avc.
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Once we compare the overall mortality of places that implemented these emergency units
with the ones that didn’t, we indeed find no differences in total mortality. Mortality seems
to move from hospitals, other health facilities, and the streets to UPAs mainly. They also
grow at home and other locations, which could be indicative of inappropriate discharge of
patients by UPAs.

Yet, the composition of these deaths appears to change with UPAs implementation, suggest-
ing that what happened was not only a transfer of patients from one establishment to the
other. We find evidence that UPAs may be a better way to treat diabetes conditions and
save people involved in accidents and other external causes. Regarding diabetes, people are
being less admitted to hospitals with such conditions and also dying less of complications
related to it. This could be driven by UPAs being a new point of health access closer and
more readily accessible to people, and also by hospitals having more available resources to
treat such patients. This results also suggest that UPAs might be filling a gap in the supply
of primary healthcare.

However, cardiovascular diseases appear to be the main hurdle preventing the new dynamic
between UPAs and hospitals from reducing overall mortality. Our results suggest that there
was an increase in the mortality related to cardiovascular diseases and that it offsets any
gains from the better treatment of diabetes, external causes, and other diseases. This could
be caused by a failure in the UPAs integration with hospitals and primary care as described
by Konder and O’Dwyer (2016) and O’Dwyer et al. (2017). Stroke is an example of a con-
dition that should be immediately transferred to hospitals once it is identified, but the poor
integration between them might lead to slow transfers and avoidable deaths.27 If this is the
case, and the system integration is improved, our results suggest UPAs benefits could be
leveraged and produce real gains in mortality.

The main analysis missing in our study is related to the cost-benefits of maintaining UPAs
in contrast to hospitals’ emergency room. Recently, many local governments are having dif-
ficulties to maintain UPAs and some are being closed on the grounds of them not having
enough resources to finance these units (CNM, 2015).28,29. On the other hand, some studies
find that urgent care centers are cost-efficient substitutes to emergency department for non-
emergent conditions (?Weinick et al., 2010). The main challenge comes from SIH and SIA
recording only federal payments for services produced, which represent only a fraction of
total expenses. In fact, an important share of the resources used to cover such costs comes
from the state and municipal budgets. Rodrigues et al. (2007) presents a methodology to
estimate how much should be added to SIH and SIA reported payments in order to obtain
total expenses related to hospital admissions and ambulatory care provided to violence vic-

27We need to further investigate which specific conditions are driving this rise in cardiovascular deaths.
28https://extra.globo.com/noticias/rio/angra-fecha-sua-unica-upa-por-falta-de-repasses-do-estado-

18842560.html
29https://g1.globo.com/ba/bahia/noticia/2018/09/20/com-divida-de-r-3-milhoes-upa-e-fechada-seis-

meses-apos-iniciar-atendimento-na-bahia.ghtml
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tims in Brazil. We intend to adapt this method to our setting and better understand the
cost-benefit of implementing UPAs.

References

Alexander, D., J. Currie, and M. Schnell (2018). Check Up Before You Check Out: Retail
Clinic and Emergency Room Use. NBER working paper (23585).

Aquino, R., N. Oliveira, and M. Barreto (2009). Impact of the Family Health Program on
Infant Mortality in Brazilian Municipalities. American Journal of Public Health 99(1), 87–93.

Avdic, D. (2016). Improving efficiency or impairing access ? Health care consolidation and
quality of care : Evidence from emergency hospital closures in. Journal of Health Eco-
nomics 48, 44–60.

Bhalotra, S., R. Soares, and R. Rocha (2019). Does Universalization of Healthwork? Evidence
from Health Systems Restructuring and Expansion in Brazil.

Capps, C., D. Dranove, and M. Satterthwaite (2003). Competition and market power in
option demand markets. RAND Journal of Economics 34(4), 737–763.

CNM (2015). Avaliação do pac para upas e ubs. Technical report, Confederação Nacional de
Municipios.

Cooper, Z., S. Craig, M. Gaynor, and J. Reenen (2018). The Price Ain’t Right? Hospital Prices
and Health Spending on the Privately Insured. NBER Working Paper Series 21815.

Cummings, J. R. (2019). No Title.

DC, W. and A. Wang (2015). Catchment Area Analysis Using Generalized Additive Models.
Austin Biometrics and Biostatistics 2(3).

Evans, W. N. and B. Kim (2006). Patient outcomes when hospitals experience a surge in
admissions. 25, 365–388.

Gilmour, J. (2010). Identification of Hospital Catchment Areas Using Clustering : An Exam-
ple from the NHS. (Folland 1983), 497–513.

Gowrisankaran, G., A. Nevo, and R. Town (2015). Mergers When Prices Are Negotiated:
Evidence from the Hospital Industry. American Economic Review 105(1), 172–203.

Ho, K. (2006). The Welfare Effects of Restricted Hospital Choice in the US Medical Care
Market. Journal of Applied Econometric 1079(November), 1039–1079.

Hollingsworth, A. (2014). Retail Health Clinics : Endogenous Location Choice and Emer-
gency Department Diversion.

20



Johar, M., G. S. Jones, and E. Savage (2013). EMERGENCY ADMISSIONS AND ELECTIVE
SURGERY WAITING TIMES †. 756(June 2012), 749–756.

Konder, M. and G. O’Dwyer (2016). The integration of the Emergency Care Units (UPA)
with healthcare services in the city of Rio de Janeiro, Brazil. Interface 20(59), 879–892.

Machado, C., F. Ferreira, and G. O’Dwyer (2011). Mobile Emergency Care Service: Analysis
of Brazilian Policy. Revista de Saúde Pública 45(3).

Macinko, J., F. Guanais, and M. Souza (2006). Evaluation of the impact of the Family Health
Program on infant mortality in Brazil, 1990–2002. J Epidemiology Community Health, 13–19.

O’Dwyer, G., M. Konder, C. Machado, C. Alves, and R. Alves (2013). The current scenario
of emergency care policies in Brazil. BMC health services research.

O’Dwyer, G., M. Konder, L. Reciputti, M. Macau, D. Agostino, and A. Gabriel (2017). The
process of implementation of emergency care units in Brazil. Revista de Saúde Pública, 1–12.

Raval, D., T. Rosenbaum, and N. E. Wilson (2017). Using Disaster Induced Closures to
Evaluate Discrete Choice Models of Hospital Demand .

Razzak, J. A. and A. L. Kellermann (2002). Emergency medical care in developing countries
: is it worthwhile ? Bulletin of the World Health Organization 80(01).

Rezende, F., R. Almeida, and F. Nobre (2000). Defining catchment areas for public hospitals
in the Municipality of Rio de Janeiro through Weighted Voronoi Diagrams. Cadernos de
saude publica 16(2), 467–475.

Rocha, R. and L. Fernandes (2016). The Impact of Emergency Care Units on Mortality: Evi-
dence from Rio de Janeiro. Pesquisa e Planejamento Econômico 46(3).

Rocha, R. and R. R. Soares (2010). Evaluating the Impact of Community-Based Health Inter-
ventions: Evidence from Brazil’s Family Health Program. Health Economics 19, 126–158.

Rodrigues, R., D. Cerqueira, A. Carvalho, and W. Lobão (2007). Custo da Violência para o
Sistema Público de Saúde no Brasil. Ipea, 30.

Schoen, C., R. Osborn, M. M. Doty, M. Bishop, J. Peugh, and N. Murukutla (2007). Toward
Higher-Performance. Health Affairs 26(6).

Sharma, R. and M. Stano (2008). Short-term fluctuations in hospital demand : implications
for admission , discharge , and discriminatory behavior. 39(2), 586–606.

Weinick, B. R. M., R. M. Burns, and A. Mehrotra (2010). Many Emergency Department Visits
Could Be Managed At Urgent Care Centers And Retail Clinics. 9(9), 1630–1636.

21



Figures

Figure 1: Number of UPAs - RJ (2005-2016)

NOTES: Graph showing the number of UPAs in the state of Rio de Janeiro between 2005 and 2016. Source: CNES.
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Figure 2: Hospital Catchment Area: 6km Circle

NOTES: Graph showing hospitals’ catchment area defined as 6 kilometers circles in blue. The radius of 6 km was established based on the average distance traveled by patients admitted to the hospitals under
an emergency situation. Delimiters shown in this graph represent the municipalities’ borders. Blue squares denote the main hospitals in our sample; black squares the hospitals that will eventually close; green
squares hospitals that were inaugurated between 2005 and 2016; and red triangles are UPAs.
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Figure 3: Hospital Catchment Area: Static Voronoi

NOTES: Graph showing hospitals’ catchment defined as Voronoi polygons that do not change over time with the introduction or closing of UPAs and hospitals. The Voronoi polygon comprises all points in
space that are closest to the hospital under consideration than to any other. Delimiters shown represent the polygons borders. Blue squares denote the main hospitals in our sample; black squares the hospitals
that will eventually close; green squares hospitals that were inaugurated between 2005 and 2016; and red triangles the UPAs.
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Figure 4: Hospital Catchment Area: Dynamic Voronoi

(a) Jan-2005 (b) May-2008

(c) Jan-2011 (d) Nov-2014

NOTES: This graph is composed of four panels that shows the evolution of hospitals’ Voronoi catchment area as new UPAs are introduced (or hospitals open/close). In this specification, catchment areas
change over time. The Voronoi polygon comprises all points in space that are closest to the hospital under consideration than to any other. Delimiters shown in these graphs represent the polygons borders.
Blue squares denote the main hospitals in our sample; black squares the hospitals that will eventually close; green squares hospitals that were inaugurated between 2005 and 2016; and red triangles the UPAs.
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Figure 5: DD Event Study - Log(Number of Ambulatory Procedures Performed)

(a) 6km Circle (b) Static Voronoi

NOTES: Graphs from event study regressions of Log(total number of ambulatory procedures + 1) on treated versus untreated hospitals
over 2005-2016. Treatment is defined once the first UPA fall inside a hospital catchment area (6km circle in panel (a) and static voronoi in
panel (b)). Regressions include hospital and quarter fixed effects. Covariates are listed in the paper. Vertical bars show 95% confidence
intervals (CIs) around coefficients. Standard errors clustered at the hospital level. Coefficient for quarter -1 set to zero.

Figure 6: DD Event Study - Log(Number of Hospital Admissions)

(a) 6km Circle (b) Static Voronoi

NOTES: Graphs from event study regressions of Log(total number of hospital admissions + 1) on treated versus untreated hospitals over
2005-2016. Treatment is defined once the first UPA fall inside a hospital catchment area (6km circle in panel (a) and static voronoi in panel
(b)). Regressions include hospital and quarter fixed effects. Covariates are listed in the paper. Vertical bars show 95% confidence intervals
(CIs) around coefficients. Standard errors clustered at the hospital level. Coefficient for quarter -1 set to zero.
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Figure 7: DD Event Study - Log(Number of Hospital Deaths)

(a) 6km Circle (b) Static Voronoi

NOTES: Graphs from event study regressions of Log(total number of in-hospital deaths + 1) on treated versus untreated hospitals over
2005-2016. Both hospitals’ inpatient and outpatient deaths are accounted for. Treatment is defined once the first UPA fall inside a hospital
catchment area (6km circle in panel (a) and static voronoi in panel (b)). Regressions include hospital and quarter fixed effects. Covariates
are listed in the paper. Vertical bars show 95% confidence intervals (CIs) around coefficients. Standard errors clustered at the hospital
level. Coefficient for quarter -1 set to zero.

Figure 8: DD Event Study - Effects on Local Mortality per 100,000 people

NOTES: Graph from event study regression of total number of deaths per 100,000 people on treated versus untreated city/neighborhoods
over 2005-2016. Treatment is defined once the first UPA is inaugurated in the city/neighborhood. city/neighborhood and quarter fixed
effects are included as well a linear trend. Covariates are listed in the paper. Vertical bars show 95% confidence intervals (CIs) around
coefficients. Standard errors clustered at the city/neighborhood level. Coefficient for quarter -1 set to zero.
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Tables

Table 2: Ambulatory Procedures - Hospital ER vs. UPAs (2005-2016)

NOTES - This table shows the total number and the percentage distribution of ambulatory procedures performed in UPAs and Hospitals’
ER in Rio de Janeiro State between 2005 and 2016. Data comes from SIA-SUS and is divided by the eight major groups of procedures
(health promotion, clinic, diagnostic, surgical, transplant, medicines, OPSM, and complimentary ambulatory health actions) plus a not
defined category.
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Table 3: Hospitals’ Performance - Summary Statistics (baseline period 2005-2007Q1)

NOTES - This table shows the summary statistics (mean, standard deviation, minimum and maximum) for the main variables used in the
analysis of hospitals’ performance, as well as their data source. The sample is composed by 104 general hospitals with SUS and emergency
care in Rio de Janeiro state by quarter between 2005 and the first quarter of 2007 (the period before first UPA was inaugurated in the state).
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Table 4: Overall Mortality - Summary Statistics (baseline period 2005-2007Q1)

NOTES: This table shows the summary statistics (mean, standard deviation, minimum and maximum) for overall mortality in Rio de
Janeiro state, as well as their data source. The sample is composed by 144 neighborhoods in Rio de Janeiro city plus the other 92 munici-
palities in the State by quarter between 2005 and the first quarter of 2007 (the period before first UPA was inaugurated in the state).
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Table 5: Comparison between Treated vs Untreated Hospitals (baseline period 2005-2007Q1)

NOTES: This table shows how hospital outcomes in the baseline period (2005-2007Q1) compares between treated (columns 1 and 4) and
untreated hospitals (columns 2 and 4) in two catchment areas specifications: 6km circle and static Voronoi diagrams. Columns 3 and 7
depicts the normalized difference between these two groups in both strategies.
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Table 6: Comparison between Treated vs Untreated Cities/Neighborhoods (baseline period
2005-2007Q1)

NOTES: This table shows how mortality rates in the baseline period (2005-2007Q1) compares between treated (columns 1) and untreated
cities/neighborhoods (columns 2) in two catchment areas specifications: 6km circle and static Voronoi diagrams. Columns 3 depicts the
normalized difference between these two groups.

Table 7: DD - Total Number of Ambulatory Procedures

NOTES: This table shows coefficients from DD regressions on the number of UPAs inside a hospital catchment area (columns 1 through
6) or the coefficient on the percent of the population captured by UPAs from the dynamic Voronoi specification (columns 7 through 9).
Dependent variable is Log(total number of ambulatory procedures + 1). sample is composed of 90 hospitals from 2005 until 2016. Standard
errors are clustered at the hospital level: *** p<0.01, ** p<0.05, * p<0.1. Significant results at 5% level or better in boldface.
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Table 8: DD - Ambulatory Procedures by Type

NOTES - This table shows coefficients from DD regressions on the number of UPAs inside a hospital catchment area (panels A anb B) or
the coefficient on the percent of the population captured by UPAs from the dynamic Voronoi specification (panel C). Dependent variable
is Log(number of ambulatory procedures + 1) for four different groups: health promotion, diagnostic, clinic and surgical. Sample is
composed of 90 hospitals from 2005 until 2016. Standard errors are clustered at the hospital level: *** p<0.01, ** p<0.05, * p<0.1. Significant
results at 5% level or better in boldface.

Table 9: DD - Human Resources

NOTES - Standard errors clustered at the hospital level: *** p<0.01, ** p<0.05, * p<0.1
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Table 10: DD - Hospital Beds

NOTES - Standard errors clustered at the hospital level: *** p<0.01, ** p<0.05, * p<0.1
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Table 11: DD - Hospital Equipments

NOTES - Standard errors clustered at the hospital level: *** p<0.01, ** p<0.05, * p<0.1

Table 12: DD - Total Number of Hospital Admissions

NOTES: This table shows coefficients from DD regressions on the number of UPAs inside a hospital catchment area (columns 1 through
6) or the coefficient on the percent of the population captured by UPAs from the dynamic Voronoi specification (columns 7 through 9).
Dependent variable is Log(total number of hospital admissions + 1). Sample is composed of 104 hospitals from 2005 until 2016. Standard
errors are clustered at the hospital level: *** p<0.01, ** p<0.05, * p<0.1. Significant results at 5% level or better in boldface.
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Table 13: DD - Hospital Admissions by Type/Major Cause

NOTES: This table shows coefficients from DD regressions on the number of UPAs inside a hospital catchment area (panels A and B) or
the coefficient on the percent of the population captured by UPAs from the dynamic Voronoi specification (panel C). Dependent variable is
Log(number of hospital admissions + 1) for four different types/causes: elective, emergency, amenable to primary care and non-amenable
to primary care. Sample is composed of 104 hospitals from 2005 until 2016. Standard errors are clustered at the hospital level: *** p<0.01,
** p<0.05, * p<0.1. Significant results at 5% level or better in boldface.
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Table 14: DD - Hospital Admissions by Specific Diseases

NOTES: This table shows coefficients from DD regressions on the number of UPAs inside a hospital catchment area (panels A and B) or
the coefficient on the percent of the population captured by UPAs from the dynamic Voronoi specification (panel C). Dependent variable
is Log(number of hospital admissions + 1) for five different causes: cardiovascular diseases, diabetes, respiratory diseases, external causes
and other diseases. Sample is composed of 104 hospitals from 2005 until 2016. Standard errors are clustered at the hospital level: ***
p<0.01, ** p<0.05, * p<0.1. Significant results at 5% level or better in boldface.
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Table 15: DD - Effects on Hospital Inpatient Occupancy Rate

NOTES: This table shows coefficients from DD regressions on the number of UPAs inside a hospital catchment area (panels A and B) or
the coefficient on the percent of the population captured by UPAs from the dynamic Voronoi specification (panel C). Dependent variables
are occupancy rate, number of days hospital capacity is above 85% and number of days capacity is above 100%. These measures are
constructed considering total number of inpatient beds, and the number of hospital admissions and their duration per quarter. Sample is
composed of 104 hospitals from 2005 until 2016. Standard errors are clustered at the hospital level: *** p<0.01, ** p<0.05, * p<0.1. Significant
results at 5% level or better in boldface.
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Table 16: DD - Effects on Hospital Inpatient Outcomes

NOTES: This table shows coefficients from DD regressions on the number of UPAs inside a hospital catchment area (panels A and B) or
the coefficient on the percent of the population captured by UPAs from the dynamic Voronoi specification (panel C). Dependent variables
are the following inpatient outcomes: log(number of deaths), percentage of deaths, percentage of deaths within 24h and 48h and length
of stay. Lenght of stay is calculated as the deviation from the Brazilian expected LOS for each age-gender-ICD cell. Sample is composed
of 104 hospitals from 2005 until 2016. Standard errors are clustered at the hospital level: *** p<0.01, ** p<0.05, * p<0.1. Significant results
at 5% level or better in boldface.

Table 17: DD - Total Number of Hospital Deaths

NOTES: This table shows coefficients from DD regressions on the number of UPAs inside a hospital catchment area (panels A and B) or
the coefficient on the percent of the population captured by UPAs from the dynamic Voronoi specification (panel C). Dependent variable
is the log(total number of hospital deaths), considering both inpatient and outpatient deaths. Sample is composed of 104 hospitals from
2005 until 2016. Standard errors are clustered at the hospital level: *** p<0.01, ** p<0.05, * p<0.1. Significant results at 5% level or better in
boldface.
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Table 18: DD - Total Hospital Deaths by Type

NOTES: This table shows coefficients from DD regressions on the number of UPAs inside a hospital catchment area (panels A and B) or
the coefficient on the percent of the population captured by UPAs from the dynamic Voronoi specification (panel C). Dependent variable
are the log(Number of hospital deaths) by diffenrent causes, considering both inpatient and outpatient deaths. Sample is composed of 104
hospitals from 2005 until 2016. Standard errors are clustered at the hospital level: *** p<0.01, ** p<0.05, * p<0.1. Significant results at 5%
level or better in boldface.
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Table 19: DD - Effects on Overall Mortality

NOTES: This table shows coefficients from DD regressions on the number of UPAs implemented in a city or neighborhood. Dependent
variable is the total number of deaths per 100,000 people. Sample is composed of 144 neighborhoods in Rio de Janeiro city and the other
91 municipalities in the state from 2005 until 2016. Standard errors are clustered at the city/neighborhood level: *** p<0.01, ** p<0.05, *
p<0.1. Significant results at 5% level or better in boldface.
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Table 20: DD - Effects on Mortality by Location

NOTES: This table shows coefficients from DD regressions on the number of UPAs implemented in a city or neighborhood. Dependent
variable are the total number of deaths per 100,000 people by different locations. Sample is composed of 144 neighborhoods in Rio de
Janeiro city and the other 91 municipalities in the state from 2005 until 2016. Standard errors are clustered at the city/neighborhood level:
*** p<0.01, ** p<0.05, * p<0.1. Significant results at 5% level or better in boldface.

Table 21: DD - Effects on Mortality by Cause

NOTES: This table shows coefficients from DD regressions on the number of UPAs implemented in a city or neighborhood. Dependent
variable are the total number of deaths per 100,000 people by different causes. Sample is composed of 144 neighborhoods in Rio de Janeiro
city and the other 91 municipalities in the state from 2005 until 2016. Standard errors are clustered at the city/neighborhood level: ***
p<0.01, ** p<0.05, * p<0.1. Significant results at 5% level or better in boldface.
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