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This thesis presents three essays on policy-related topics in Health Economics. The
specific policy topics this thesis explores are health insurance and inequality, spillovers
or peer effects of health behaviours, and the impact of human resources in healthcare.

The first essay in this thesis, I analyse the redistributive effects of a publicly financed
healthcare expansion. Using data from the Oregon Health Insurance Experiment
(OHIE) we analyse the redistributive impacts of a publicly financed health insurance
expansion. We use a residual inclusion methodology combined with quantile
regression to estimate the heterogeneity in the effects of health insurance across the
income distribution. We find that there are indeed redistributive impacts, even in the
small income window we have access to, which would otherwise be concealed in a
linear regression. Those at the lower end of the income distribution tend to have a
substantial increase in their disposable income as a result of health insurance
coverage, while those at the upper end see no change in income. We additionally
estimate that increased employment in at risk households is driving this effect.

In next essay I analyse the spillover effects of a diabetes diagnosis. Diabetes is a unique
condition, in that a positive change in lifestyle and behaviour, is both the first line
treatment and the recommended method of preventing the disease. It is theoretically
possible that by jointly partaking in diabetes treatment, partners of people with
diabetes would substantially benefit from their partners’ diabetes diagnosis. Using
blood data from the Health Survey for England, and a fuzzy regression kink design,
we causally estimate the effect of a diabetes diagnosis on health-related behaviours of
the individual with diabetes, as well as, their partners. We find that a diagnosis of
diabetes results in a significant increase in the probability of exercising and a decrease
in the probability of currently being a smoker both for the diabetic individual and
their partner. However, we find limited evidence of other lifestyle changes. From a
public health perspective, our results are especially important for the evaluation of
diabetes related policies, while positive spillovers, particularly within households,
should be taken into account in the evaluation process.
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In the final essay of this thesis, I analyse the impact of primary care physicians on
health outcomes. Worldwide there is a growing concern that there are insufficient
primary care physicians to meet demand. There is, however, mixed evidence on how
effective primary care is in influencing population health outcomes. I estimate the
effect of an increasing in primary care physicians using the Programa Mais Médicos.
Although previous studies have used the Programa Mais Médicos to analyse the impact
of a primary care physician supply, I exploit the variation in physicians allocated to
each municipality and use only treated municipalities to identify the impact of
primary care physicians on hospitalisations and mortality. I estimate the impact of
primary care physicians using a generalised synthetic control estimator and find
limited evidence of primary care physicians impacting health outcomes. These results
question the notion that primary care physicians are a cost-effective means of
improving population health.
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Chapter 1

Introduction

Ever since the beginning of the century global life expectancy at birth has risen from
67 to 73 years, and adult mortality rate per 1000 population has fallen from 181 in 2000
to 142.3 in 2016 (World Health Organization, 2021b). These improvements in global
health have also come with large changes in causes of death, with heart disease, stroke
and chronic obstructive pulmonary diseases being the three leading causes of death
globally, and only one communicable disease in the top ten causes of deaths in
high-income countries (World Health Organization, 2021b). Longer life expectancy
and changing trends in mortality have, however, brought new challenges to modern
healthcare systems. The rise in non-communicable diseases requires the strengthening
of preventative and screening interventions (World Health Organization, 2021a). The
disparity in morality causes and life expectancy between high-income countries and
developing nations also shows the need to tackle health inequalities, and these
inequalities are not only present between countries but also within them. Tackling
inequalities and improving the prevention and treatment of non-communicable
diseases is also a priority of the Sustainable Development Goals (World Health
Organization, 2019). These challenges require the substantial involvement of
policymakers, and public policy will play a key role in addressing these issues.

Public policy, and the efficient allocation of healthcare resources is vital for ensuring
that healthcare systems are able to handle these challenges. Throughout the
COVID-19 pandemic the importance of public policy in relation to health has become
clear. Countries have relied on well-designed and efficient healthcare services and
evidence-based policies to slow the spread of the virus and to deal with this particular
challenge, and public policy will continue to play a central role in future health
challenges. The COVID-19 pandemic has also highlighted the substantial inequalities
across the globe. It is necessary that sufficient research is conducted such that
policymakers are well informed regarding the impacts of policies seeking to address
these challenges.
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Over the past several decades health economists have contributed substantially to our
understanding of the impacts of public policy. They have contributed the discovery of
econometric tools for empirically evaluating public policies, providing theoretical
models for understanding behaviours and expected consequences of policies, and also
contributing a framework for evaluating the cost effectiveness of interventions. These
contributions have allowed for the improved efficiency and equity of healthcare
systems, and also improvements in health outcomes of people worldwide. Health
economics has been vital for dealing with the challenges that healthcare systems have
faced and continues to be important for dealing with future challenges and delivering
improved care and health outcomes.

This thesis seeks to add to the previous contributions of health economists by
conducting necessary investigations into policy-related questions in health, and relies
heavily on economists’ methodological contributions to do so. The importance of
empirical evidence for tackling these modern challenges, of the rise of
non-communicable diseases and increasing health inequalities, cannot be understated.
Using state of the art microeconometric techniques I analyse three distinct
policy-related questions, and in doing so, I contribute empirical evidence necessary
for tackling these challenges in a evidence driven way. In addition to the main aim of
contributing to public policy discussions, this thesis also provides empirical evidence
to support economic theory. The findings in this thesis are therefore relevant for
policymakers and academics alike, and the results in this thesis allow governments to
better design policies based on the evidence in this thesis, while also improving our
understanding of healthcare systems and individual behaviours. The results in this
thesis presents answers to policy-relevant questions, while also unveiling further
questions and avenues of future research, that would, when answered, allow us to
better understand how to tackle these modern challenges and future challenges in
health.

The specific policy topics this thesis explores are health insurance and inequality,
spillovers or peer effects of health behaviours, and the impact of human resources in
healthcare. Specifically, the first essay analyses the income redistribution associated
with an expansion of publicly financed health insurance, and further understanding
the mechanisms behind this redistribution. The second essay of this thesis investigates
the behavioural impacts of a diabetes diagnosis on the diagnosed individual, as well
as their partners. The final chapter focuses on human resources in healthcare, and
specifically the impact primary care physicians have on health outcomes. The findings
in this thesis contribute to understanding of health-related public policy. My work
also indirectly contributes to better understanding the wider benefits or lack thereof of
various policies, and in doing so, providing useful evidence to ensure efficient
allocation of healthcare resources and thereby allowing policymakers to tackle these
modern healthcare challenges.
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The remainder of this chapter will outline the background and specific contributions
of each essay in this thesis.

1.1 Redistributive effects of a publicly financed healthcare
expansion

In the first essay of this thesis, I analyse the impact an expansion of publicly financed
health insurance has on income inequality.

There has been a wide body of evidence finding inequalities in health outcomes by
income (Marmot et al., 1991; Kaplan et al., 1996; van Doorslaer et al., 1997; Humphries
and van Doorslaer, 2000; Doorslaer et al., 2006), and universal healthcare coverage has
been widely promoted as a means of reducing inequalities. Indeed, given this
extensive body of evidence claiming that there are significant inequalities in
health-related outcomes, it would seem implausible to claim that universal healthcare
coverage, or more broadly publicly financed healthcare expansion, would have the
same impact on the entire income distribution. In addition, claims by the WHO
(2019b,a) imply that there is a potentially beneficial impact of publicly financed
healthcare in favour of low-income individuals. Although there is a theoretical
justification of a redistributive impact, there is limited empirical evidence to support
the theory.

Much of the theoretical justification of publicly financed health coverage reducing
inequality comes from the analysis of public good provision more broadly. A
theoretical framework for the public provision of private goods was proposed by
Besley and Coate (1991). Their paper explores the redistributive power of public
financing of these goods. The basic idea is that all individuals contribute to a public
good, but some high-income individuals do not use the good, therefore redistributing
income away from the highest income individuals, and as a result reducing inequality.
Glomm and Ravikumar (1992) provides further theoretical justification of an income
redistribution from publicly provided private goods, this time in the context of
education. Glomm and Ravikumar estimate the effect of public versus private
financing of education on inequality. The authors theorise that in a private educational
system children’s endowment depend on parental income, while their endowment in
a public education system depends only on the average income, therefore the public
education system reduces inequality at a faster rate than the private system.
Education and Health care share many characteristics, it is not uncommon for both
goods to be provided publicly and privately, and both contribute to human capital.
Given the parallels that can be drawn, it may be expected that the effects of their
financing on inequality would be similar. Therefore, this paper potentially provides
some evidence that publicly financing institutions that contribute to human capital



4 Chapter 1. Introduction

can have an impact on inequality. The theoretical findings of this paper are supported
empirically by Sylwester (2002). Using data for 50 countries and analysing the change
in the Gini coefficient from 1970 to 1990, Sylwester (2002) finds evidence in support of
Glomm and Ravikumar (1992)’s theoretical findings.

Literature relating specifically to Health Insurance Financing and Inequality is sparse.
However, one study that introduces analyses of the effects of public and private shares
of health expenditures on income inequality was conducted by Bhattacharjee et al..
The study proposes a theoretical model and then verifies the findings by using
empirical analysis. The model used in this paper is similar to that of Glomm and
Ravikumar (1992) however instead of education expenditure the paper analyses
health care expenditure. Human capital of the child is a function of parental health
and human capital. Therefore, investment in health increases longevity of life but also
child’s human capital. Childhood health is well documented to have both a significant
effect on schooling and labour but is also highly correlated with parental health. The
authors use the prediction of their theoretical model as a hypothesis to test using
Indian vaccine and expenditure data. The theoretical model’s prediction was that
“higher share of private to public health expenditures leads to higher income
inequality” (Bhattacharjee et al., 2017). In addition to their theoretical contribution,
they provide empirical evidence of the impact of share of private to public health
expenditures on Gini coefficient. These empirical findings concur with the theoretical
findings and the authors conclude that the empirical analysis supports the hypothesis
that increased share of private healthcare spending increases inequality.

In this essay, I hypothesise that publicly financed healthcare can cause an income
redistribution through two separate pathways. An expansion of publicly financed
health insurance has already been shown to reduce healthcare expenditures.
Finkelstein et al. (2012)’s analysis of the Oregon health insurance experiment already
found there to be “a statistically significantly higher health care utilization (including
primary and preventive care as well as hospitalizations), lower out-of-pocket medical
expenditures and medical debt (including fewer bills sent to collection)” as a result of
Medicaid coverage, compared to the uninsured control group. Although this analysis
did not estimate heterogeneous treatment effects of Medicaid coverage, there is
theoretical support of a differential impact by income groups. Previous research has
found that the price elasticity of healthcare expenditures ranges from -0.04 to -1.5,
being approximately -0.3 on average (Ringel et al., 2002). When this is combined with
the finding that out-of-pocket payments are relatively largest for the lowest income
group (Pannarunothai and Mills, 1997), it might be reasonable to expect that the left
tail of the income distribution would have a disproportionately larger effect. In
addition, Wagstaff et al. (2009) analysed a heavily subsidised voluntary health
insurance scheme in China in 2003 and found that out of pocket spending saw a
smaller increase for the poor relative to the richer group. Therefore, in this essay I
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consider whether an expansion of publicly financed healthcare does heterogeneously
impact the out-of-pocket costs of lower income individuals more so than those with
higher income.

The alternative pathway in which Universal Healthcare Coverage can theoretically
increase disposable income is through higher income due to better health outcomes.
There is strong theoretical evidence in the literature of a link between health and
income. Since Grossman (1972)’s model of health production, there has been extensive
evidence of health having a positive causal impact on income (Luft, 1975; Bartel and
Taubman, 1979; Chirikos and Nestel, 1985; Contoyannis and Rice, 2001). Given that
Finkelstein et al. (2012) found that Medicaid coverage resulted in “better self-reported
physical and mental health than the control group”, it would be reasonable to expect
an increase in income for those that received Medicaid coverage. Once again,
heterogeneity is also theoretically justified. Previous work on income related health
inequalities has shown there to a be a significant inequality gradient of better health
for the well off and lower health for low income individuals (Wilkinson, 1997). These
inequalities have been found to be particularly evident in the United States and the
United Kingdom (van Doorslaer et al., 1997). A characteristic of the Grossman model
is that as health stock increases the marginal benefit of health decreases, therefore the
lowest income group are expected to have the largest marginal benefit of healthcare.
This claim is somewhat supported by Manning et al. (1987), who found there to be
some suggestive evidence of an increase in health of those that are both low health and
low income, however there was little evidence to suggest that either low income or
low health groups separately saw an increase in health as a result of publicly financed
health insurance coverage. The heterogeneous effect of UHC on health outcomes by
income groups can therefore theoretically translate to a heterogeneous increase in
earnings in favour of the lowest income groups. Although Baicker et al. (2014) found
there to be no effect on overall individual earnings as a result of Medicaid coverage,
the theoretical pathway presented here suggests that heterogeneous effects of
Medicaid on earnings is possible. Therefore, I also seek to analyse whether there is
heterogeneity in the impact of publicly financed health insurance on earned income.

The aim of the first essay of this thesis is therefore to provide theoretical evidence of
heterogeneity in the impact of publicly financed healthcare on household disposable
income, and subsequently I make a claim regarding the redistributive power of public
provision of healthcare. The findings of this essay provide evidence of a secondary
redistributive effect, specific to healthcare provision, which works in parallel to
findings of previous research on the public provision of private goods (Besley and
Coate, 1991; Glomm and Ravikumar, 1992; Bhattacharjee et al., 2017). In this essay, I
focus my attention on redistribution through household finances and not through
public finances and taxation. Specifically, this essay uses the experimental setting of
the Oregon Health Insurance Experiment (OHIE) to causally assess the heterogeneity
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in the effect of publicly financed healthcare on disposable income. In addition, the
essay separately estimates the effects on household earned income and healthcare
expenditure. The essay also assesses the causal channels in which these effect work
through.

1.2 The direct and spillover effects of diabetes diagnosis on
lifestyle behaviours

The third chapter of this thesis has more of a focus on individual decisions related to
health; however, the motivation and conclusions are still profoundly important for
policymakers. This essay evaluates whether spillovers in behaviours exist between
partners as a result of an update in health status.

When considering the cost-effectiveness of various public policies, typically health
economists do not consider the effect of the policy or intervention on the health
outcomes of anyone else, other than the targeted individual or population. However,
in doing so, health economists may be substantially under-estimating the true impact
of such policies and interventions, if spillover effects exists, and consequently many
services may be under-provided.

The idea that policies impact a wider network of individuals and that this should be
considered in the cost-evaluation framework is not a recent advancement, and the
Panel on cost-effectiveness in Health and Medicine stated that “all health effects and
costs that flow from it [the policy or intervention] are counted, regardless of who
would experience them” (Russell et al., 1996; Shepard, 1999; Basu and Meltzer, 2005).
However, even though health economists are aware that indirect effects or spillovers
may exist, it is typically the case that the change in quality adjusted life years of the
targeted population is the means of comparing those interventions (Garber and
Phelps, 1997). However, the policies themselves may have substantial indirect impact
on the health outcomes of individuals that are not specifically targeted by the
programme. These kind of spillovers are theoretically and empirically justified.

At the household level, which is the focus of this essay, there are two theoretical
pathways in which it might be expected that an intervention would impact other
members of the household. The New Household Economic theory (Lancaster, 1966;
Becker, 1981) proposes that individuals within the household produce and consume
some shared output, and therefore any intervention which, in some way, impacts the
production or consumption decisions of one productive household member, would
also impact the production or consumption decisions of other productive household
members. Based on this framework, it is reasonable to expect behaviours of other
members living in the same household to change if a policy aims to change the
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behaviours of some targeted individual. A further discussion of the theoretical
justification of an indirect effect, or as framed in the essay, a spillover effect, is
presented in chapter three.

Empirically, externalities, spillovers, peer effects, or indirect effects have been found to
be present in a number of settings, one of the most prominent being in education
(Hoxby, 2000; Boozer and Cacciola, 2001; Hanushek et al., 2003; Angrist and Lang,
2004; Hoxby and Weingarth, 2005; Whitmore, 2005; Fuest, 2007; Ammermueller and
Pischke, 2009; Lavy and Schlosser, 2011; Sacerdote, 2011; Carman and Zhang, 2012;
Burke and Sass, 2013). However, there is also a growing literature on the spillovers in
health settings.

Work by Persson et al. (2021) focuses on the spillovers of a marginal ADHD diagnosis
on younger siblings. They estimate that an older sibling being diagnosed with ADHD
causes an increase in the probability of a diagnosis in the younger sibling. They
additionally find that the probability of the sibling taking ADHD medication increases
as a result. Gathmann et al. (2020) analyse the within household impacts of job
displacements on health outcomes. Specifically, they analyse how a job displacement
in one partner impact mortality and hospitalisations. They find that male job
displacement has a substantial impact on the mortality risk of the displaced male and
their spouse. Gathmann et al. clearly show that there is an interdependence between
spouses, and that spillovers onto partners indeed exist and should be considered in
the evaluation process. The work most related to this essay is Fadlon and Nielsen
(2019)’s paper on the impact of an update of health knowledge on various
health-related behaviours. Their works analyses the impact of fatal and non-fatal
heart attacks on behaviours such as: statin consumption, hospital visits, consumption
of opioids and smoking medication. They find that heart attacks cause significant
changes in behaviours of close family members. They also find a significant impact on
a wider network of co-workers of the heart attack sufferer.

As well as this literature in economics, there is also an extensive literature on spousal
correlation in health-related behaviours. Much of the work thus far has focused on the
correlation between spouses in terms of smoking behaviour (Barrett-Connor et al.,
1982; Venters et al., 1984; Graham and Braun, 1999; Franks et al., 2002; Bloch et al.,
2003; Clark and Etilé, 2006; Stimpson et al., 2006; Christakis and Fowler, 2008; Falba
and Sindelar, 2008; Cobb et al., 2014) and alcohol consumption (Kolonel and Lee, 1981;
Graham and Braun, 1999; Leadley et al., 2000; Leonard and Mudar, 2003; Stimpson
et al., 2006; Falba and Sindelar, 2008). However Farrell and Shields (2002) and Falba
and Sindelar (2008) also analyses physical activity, and find that there is a strong
positive correlation of physical activity between household constituents. Kolonel and
Lee (1981), Barrett-Connor et al. (1982), Macario and Sorensen (1998), Bove et al. (2003)
and Lyu et al. (2004) all estimate the correlation between spouses’ diets, and consistent
with the other studies on concordance of behaviour, find that spouses’ diets show a
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strong correlation. However, these correlations extend beyond behaviours alone.
There has been work documenting spousal correlation in mental health and physical
health1.

This work clearly shows that there is an interconnected-ness between spouses,
relatives and even co-workers. This growing literature provides empirical evidence of
these spillovers beyond what may usually be considered by policy makers; however,
individuals’ interconnected-ness means that we should expect these indirect impacts.
The essay in chapter three contributes to this literature, focusing on the indirect or
spillover effect of a diabetes diagnosis on behaviours known to be risk factors for
health.

The overall aim of the essay in chapter three is to explore whether changes in the
behaviours of one partner induces changes in behaviours of the other. Specifically, I
analyse the impact of a diabetes diagnosis on the diagnosed individual, as well as the
impact of the diagnosis on their partners. Diabetes provides a unique opportunity to
analyse these spillovers, in that a positive change in lifestyle and behaviour, is both
the first line treatment and the recommended method of preventing the disease. If
individuals diagnosed with diabetes are compliant to treatment and change these
lifestyle behaviours, then we may theoretically expect other household members to do
the same. This essay empirically evaluates whether health-related spillovers do
indeed exist, which is vital knowledge for policymakers and health economists
seeking to evaluate the cost-effectiveness of various policies.

However, although documenting the existence of spillovers is vital for informing
policy makers, understanding the causal mechanisms behind these indirect effects
contributes to the economic literature more broadly. Alongside the main contribution
of documenting causal spillovers, an additional contribution is the analysis of the
causal channels in which these spillovers work, and whether it is information transfer
or joint participation which is driving these effects.

1.3 More Doctors, better health? Considering doctor numbers
in the Mais Medicos Programme

The final essay of this thesis returns to a topic which is more directly relevant to policy
makers, by analysing the impact of human resources in healthcare. Specifically, I
analyse the impact of primary care physicians on population health outcomes. There
is growing concern that there are insufficient primary care physicians to provide
adequate care to populations worldwide. However, given the mixed evidence of the
impact of primary care physicians on health outcomes, it is not clear whether this will

1See systematic review by Meyler et al. (2007) and references therein for full discussion
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eventually be problematic for population health. This essay examines whether
primary care physicians do indeed impact the health outcomes of the population.

The role of primary care physicians in many healthcare systems is to treat common
diseases and illnesses, provide preventative care and to be a link between patients and
the rest of the healthcare system. Primary care physicians are particularly important
for attempting to tackle the rise in non-communicable diseases. Non-communicable
diseases, as mentioned, are of growing concern, and are a substantial burden on
modern healthcare system. Given that preventative treatment is the most influential
means of dealing with this burden, primary care is reasonably thought of as a vital
component of the strategy for tackling these challenges. The ability to treat common
illnesses also alleviates strain on the rest of the healthcare system too, because they are
able to treat patients without the need to use scares healthcare resources.
Well-functioning healthcare systems also rely on primary care physicians to refer
patients to the relevant specialities. It is widely accepted that primary care plays a
vital role in improving population health through these services, and there is
significant literature findings strong associates between strong primary healthcare
system and health outcomes (Starfield, 1998; Starfield et al., 2005; Guanais and
Macinko, 2009; Macinko et al., 2010; Caley, 2013; Rao and Pilot, 2014; Rasella et al.,
2014; Bitton et al., 2019). This is especially the case in areas that typically lack a reliable
healthcare system and, in some communities, can be the only healthcare available
(World Health Organization, 2021c). Previous work has made the claim that primary
care also contributes to the efficient functioning of the healthcare system as a whole
(Starfield et al., 2005).

Given the role that primary care physicians play within a wider healthcare system it is
clear to see, theoretically, how increasing the number of primary care physicians
would improve population health directly. Increasing primary care physician supply
has the potential of increasing the probability of early detection of various conditions,
through increasing the capacity of regular check-ups. It also allows for an increase in
the amount of preventative treatments that would be given, and provides further
opportunity for patients to receive care for common conditions that would have
otherwise not been performed if there was an under supply of physicians. But equally
as important, increased provision of preventative services and the management of
common illness has the potential to reduce the strain on other healthcare services.
Early detection increases probability of survival with most conditions and reduces the
risk of hospitalisations. Preventative services also decrease risk of hospitalisations by
reducing the risk of developing some diseases. Therefore, an increase in primary care
physician numbers can both impact health outcomes directly, but also indirectly
through reduced strain on the rest of the healthcare system. The direct and indirect
effect on population health could potentially make increasing primary care physician
numbers a cost-effective means of improving population health. These theoretical
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benefits of increasing physician supply, do however, rely on the assumption that there
is excess demand within the healthcare system for these services. Indeed, there is
worldwide concern that there are insufficient primary care physicians to meet the
demand (World Health Organisation, 2006; Gladu, 2007; Gorman and Brooks, 2009;
Hoyler et al., 2014; Petterson et al., 2012; Truglio et al., 2012; Frisch, 2013; Islam, 2014;
Majeed, 2015; The Kaiser Family Foundation, 2020).

Theoretically the benefits of primary care physicians are clear, and the concern
regarding insufficient physician numbers to provide this care is of immediate concern
to policymakers. However, the empirical evidence is somewhat more ambiguous and
previous studies do not all align in their findings, an extensive discussion of these
findings is presented at the beginning of chapter four. It is not clear whether
increasing physician numbers should be a priority for policymakers seeking to
improve population health. If primary care physicians can significantly contribute to
improving population health, then reducing the primary care physician deficit should
be a priority for policymakers. Whereas if primary care physicians are found to have
marginal or limited impact on health outcomes, then tackling the physician deficit
may not be a cost-effective means of improving health outcomes, and resources may
be more efficiently allocated to improve population health and ease the burden on the
healthcare system. The mixed evidence is problematic for policymakers seeking to
allocate healthcare resources, and without clear evidence it is impossible for
policymakers to be able to efficiently allocate those resources. It is vital that the
benefits of physicians are well understood. This is especially important given that
human resources in healthcare is one of the largest contributors to health budgets in
many countries, with an average of 42.2% of all government health expenditure being
spent on wages and salaries of healthcare workers (World Health Organisation, 2006).
This essay therefore seeks to contribute concrete evidence of the effectiveness of
primary care physicians in improving health outcomes of the population, and in doing
so, I seek to contribute reliable empirical evidence to inform future policy.

The essay in this chapter investigates the impact of physicians on health outcomes,
specifically assessing whether increasing primary care physician’s density in a region
has a beneficial effect on mortality and hospitalisations. This essay uses a unique
setting in which an increase in physician supply was driven by importing foreign
doctors to Brazil. The results in this chapter contribute an empirical estimate of the
impact of primary care physicians on health outcomes; therefore, providing accurate
estimates for a cost-effectiveness analysis to be conducted, and further allowing for an
efficient allocation of healthcare resources.

Finally, to conclude, the fifth chapter provides an overview of the findings and
contributions of this thesis, and the implications of those results on future policy.
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Chapter 2

Redistributive effects of a publicly
financed healthcare expansion

2.1 Introduction

Health equity and inequalities in the provision, utilization and financing of healthcare
draw significant interest from researchers and policy makers alike. A large body of
literature has consistently provided evidence of a socio-economic gradient in health
inequalities (Marmot et al., 1991; Kaplan et al., 1996; van Doorslaer et al., 1997;
Humphries and van Doorslaer, 2000; Doorslaer et al., 2006), where the lowest parts of
the income distribution experience worse health outcomes compared to their higher
income counterparts. In addition, there is evidence of strong associations between
income and healthcare utilization with the lowest income groups utilizing less
healthcare services, despite them experiencing worse health outcomes (O’Donnell and
Propper, 1991; van Doorslaer and Wagstaff, 1992; Valdivia, 2002; Doorslaer and
Koolman, 2004; Gundgaard, 2006; Dixon et al., 2007), as well as low-income groups
being less likely to access healthcare services (Puffer, 1986; van Doorslaer and
Wagstaff, 1992; van Doorslaer et al., 2000; Waters, 2000). Furthermore, healthcare
expenditures are highly regressive and therefore low-income groups bear
disproportionately larger costs of care (Wagstaff et al., 1989; Holahan and Zedlewski,
1992; Rasell et al., 1994; Pannarunothai and Mills, 1997; Galbraith et al., 2005; Ketsche
et al., 2011). These disproportionately large health care costs or access constraints can
offer explanations for such inequalities, whereby low-income (often uninsured or
partially-insured) individuals cannot afford or access needed but expensive heath care
and subsequently experience lower health which itself translates to lower income
creating a vicious cycle (Deaton, 2003; Auerbach and Kellermann, 2011; Ketsche et al.,
2011; Christopher et al., 2018).
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The introduction of universal health coverage, or more generally publicly financed
healthcare coverage has often been proposed as a way to break this cycle and promote
healthy lives (World Health Organization, 2010; U.N. General Assembly, 2013, 2015).
Nevertheless, if such policy expansion is to parallelly improve the position of
everyone in the system, inequalities will not be mitigated even if there is an increase in
absolute population health. If, on the contrary, heterogeneous effects are experienced
by different parts of the income distribution, such policies will not only improve
healthcare access and health but might also aid in the reduction of income inequalities.
Claims by the World Health Organization (WHO, 2019a,b) suggest beneficial impacts
on income in favour of low-income individuals, yet much of the evidence is based on
population average effects or overall policy impacts of publicly financed healthcare
provision.

In principle, public healthcare provision can increase disposable income through, at
least, two channels, directly through reduced health care expenditure and indirectly
through improved health. Indeed, Card et al. (2008), Finkelstein and McKnight (2008)
and Finkelstein et al. (2012) found the expansion of publicly financed health insurance
lead to an increase health care utilization (including primary and preventive care as
well as hospitalizations), reduce out-of-pocket medical expenditures and medical debt
(including fewer bills sent to collection), with similar findings also reported by the
RAND health experiment (Manning et al., 1987). At the same time, since Grossman’s
model of health production, the positive effect of health on income has been
established in numerous empirical studies (Luft, 1975; Bartel and Taubman, 1979;
Chirikos and Nestel, 1985; Contoyannis and Rice, 2001).

Nevertheless, empirical evidence of heterogeneous effects of publicly financed
insurance across the income distribution is limited. The fact that out-of-pocket
payments are larger for the lowest income group (Wagstaff et al., 1989; Holahan and
Zedlewski, 1992; Rasell et al., 1994; Pannarunothai and Mills, 1997; Galbraith et al.,
2005; Ketsche et al., 2011) would suggest that the left tail of the income distribution
would experience a disproportionately larger effect. Similarly, the significant
socio-economic gradient of health would again suggest a larger relative benefit to be
obtained by those less well-off (Wilkinson, 1997), especially in countries with
pronounced inequalities such as the U.S. and the U.K. (Wagstaff and van Doorslaer,
1992; Wagstaff et al., 1999; van Doorslaer et al., 1997).

From a theoretical perspective, as health stock increases the marginal benefit of health
decreases, where the lowest income groups are expected to have the largest marginal
benefit from healthcare (Grossman, 1972). The left-hand side of the income
distribution have worse health than those on the right hand side of the distribution
(Marmot et al., 1991; Kaplan et al., 1996; van Doorslaer et al., 1997; Humphries and
van Doorslaer, 2000; Doorslaer et al., 2006). Theoretically therefore, an expansion of
publicly financed health insurance has the potential to disproportionately increase the
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income of those on the left-hand side of the distribution, if health limits the ability to
work in these groups. The increase in health stock promotes an increase in hours
worked in these individuals, which is one of the foundational conclusions of the
Grossman model. We might not observe increases in earned income for those on the
right-hand side of the distribution because they already have high health which
allows them to supply more labour than those with worse health. Such a position is
somewhat supported by Manning et al. (1987) who reported an increase in health of
those that are both of low health and low income, while there was little evidence to
suggest that either low income or low health groups saw an increase in health as a
result of insurance experiment. In our theoretical setting, we expect those individuals
that benefited from the RAND experiment, in terms of improved health, to have
increased their labour supply as a result (Manning et al., 1987). The heterogeneous
effect of coverage expansion on health outcomes by income groups can therefore
theoretically translate to an heterogeneous increase in earnings in favour of the lowest
income groups. That said, Baicker et al. (2014) found no evidence of an effect of
Medicaid coverage on overall individual earnings, although the average treatment
effects estimated in their study might be masking heterogeneous treatment effects.

The significant literature on inequalities in the financing of healthcare also provides
evidence that an expansion of publicly financed health insurance would reduce
inequalities. Previous analysis has shown that healthcare costs are highly regressive
(Wagstaff et al., 1989; Wagstaff and van Doorslaer, 1992; Rasell et al., 1994; Wagstaff
et al., 1999), and this suggests that reducing the out-of-pocket medical costs would
have disproportionate benefits in their favour. In the United States context Wagstaff
et al. found that those at the lower end of the income distribution pay more for
healthcare, relative to their wealth, than those at the higher end of the distribution.
They found that this unequal payment for healthcare was greater than both the UK
and the Netherlands. Compared to a number of other developed countries, the US has
the most regressive system for financing healthcare in terms of total payments, and
this seems to be mostly driven by private expenditures, more specifically
out-of-pocket expenditures (Wagstaff and van Doorslaer, 1992; Wagstaff et al., 1999).
Analysis by van Doorslaer et al. (1999) found that, in terms of healthcare expenditures,
overall the US system redistributes away from low-income individuals to
higher-income individuals, and does so much more severely than any other of the 12
OECD countries they analyse. Further, although spending on healthcare for the
highest income decile in the US is 60% higher than the lowest decile (which is
potentially problematic in itself, given that low-income groups have a higher need for
healthcare (Valdivia, 2002; Gundgaard, 2006; Dixon et al., 2007)), the lowest decile pay
about 20% of disposable income to finance their healthcare, whereas this figure is only
8% for the highest (Holahan and Zedlewski, 1992). This large difference can be
explained by the ways in which low-income individuals usually pay for their
healthcare, which is typically out-of-pocket, rather than employer insurance
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contributions that usally pay the health expenditure of those at the higher end of the
distribution. Rasell et al. (1994) showed that out-of-pocket spending was 8.5 times
larger for low-income families than for high-income families, and more recent work
by Galbraith et al. (2005) found families under the federal poverty line (FPL) spend
about $ 120 per $1,000 of income on healthcare, whereas those with income above
400% of the FDL spent just $ 38 per $1,000 of income. Ketsche et al. (2011) find that in
the lowest income quintile, 20% of family income was spent on healthcare
expenditures (either paying privately or through tax contributions), whereas this
figure was at most 16% in the other income categories. This burden has also been
shown to have increased across the period of 2001 to 2009, with the annual average
growth being 2.7% for premiums and out-of-pocket expenditures over that period
(Blumberg et al., 2014). In addition, the share of health insurance units with a
healthcare expenses being greater than 30% of their income rose from 6.2% in 2001 to
8.2% in 2009. These disparities suggest that a publicly financed health insurance
coverage would reduce the burden of healthcare financing disproportionately for
low-income groups. Indeed, Galbraith et al. (2005) analyse the impact of a public
healthcare coverage on financial burden of low-income families, and estimated a
decrease in the financial burden of 785 percent when compared to private coverage
over 1 year. This beneficial impact on financial strain from publicly financed health
insurance has also been estimated by Finkelstein et al..

This mechanism likely extends beyond the individual-level, with high healthcare costs
also reducing income at the household-level. Prior to the health insurance expansion,
low-income households without the means to send unhealthy household members to
receive healthcare may have substituted formal for informal care to reduce
out-of-pocket costs (Golberstein et al., 2009; Weaver and Weaver, 2014). This then
reduces household income because households reallocate resources away from labour
supply to provide informal care. If these households were covered by publicly
financed health insurance, the reduction in formal healthcare costs would induce
household to utilise, otherwise costly, formal care, rather than providing this care
informally.

For this theoretical channel to be observed in practice, it would need to be the case
that informal care and formal care are substitutes. There is a substantial literature
documenting this substitution between informal and formal care (Clark, 2002;
Bonsang, 2009; Bolin et al., 2008; Pickard, 2012; Mommaerts, 2018), and the evidence
suggests that the availability of informal care reduces length of hospitalisations,
specifically for long term hospital stays (Weaver and Weaver, 2014). The presence of a
caregiver at home has also been found to “decreased service utilization, emergency
room use, hospital utilization, home health, inpatient expenditures, inpatient and
short-term nursing home stays (Carmichael and Charles, 2003; Coe et al., 2019;
Carmichael et al., 2010; Condelius et al., 2010; Dorin et al., 2014; Van Houtven and
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Norton, 2004; Yoo et al., 2004), and decreased minutes of publicly funded care
(Hayward et al., 2004)” (Friedman et al., 2019). The increased cost of healthcare
coverage causing an increase in informal care is intuitive, and this literature on the
substitution between formal and informal care suggest such an effect, however, there
is also empirical evidence to support such a result. Golberstein et al. (2009) analyse the
Medicare home health care programme and find that payment caps increased the cost
of formal care, therefore increasing the amount of care provided informally,
specifically in low-income households. Of course, this disproportional effect is not
unexpected, as low-income individuals are the most likely to go without healthcare
(Valdivia, 2002; Gundgaard, 2006; Dixon et al., 2007) due to the disproportionately
higher relative costs they face (Wagstaff et al., 1989; Holahan and Zedlewski, 1992;
Rasell et al., 1994; Pannarunothai and Mills, 1997; Galbraith et al., 2005; Ketsche et al.,
2011) and therefore, at a household level, a health insurance expansion would likely
have a greater benefit for low-income households. Finally, our proposed theoretical
channel also assumes that a decrease in informal care would result in changes to
labour supply, and there is also a wide literature which finds a negative relationship
between informal care provision and labour supply (albeit mostly for older adults)
(Mentzakis et al., 2009; Michaud et al., 2010; Van Houtven et al., 2013; Nguyen and
Connelly, 2014; Carmichael and Ercolani, 2016; Schmitz and Westphal, 2017; Houtven
et al., 2019; Mazzotta et al., 2020; Mozhaeva, 2021; Hollingsworth et al., 2021). Most
relevantly however, Kim and Lim (2015) analyse a formal care subsidy programme in
South Korea, they find that the substitution from informal care is heterogeneous by
physical function level, with the highest substitution to formal care for the least
physically able. They claim that for those carers that care for the least able, a formal
care subsidy “policy may lead to increased labor supply of individuals caring for this
population.”

The informal care theoretical channel may also be further compounded as individuals
that receive formal care, instead of informal care, see improvements in the quality of
their care, subsequently improving their health and reducing the need for further care.
There is some literature in support of this theory, several papers estimate that
household labour supply decreases as a result of ill-health in one household member
(Garcı́a-Gómez et al., 2013; Jeon and Pohl, 2017; Riekhoff and Vaalavuo, 2021).
However, many of these papers find that this decrease in household labour supply is
driven by female spouse decreasing labour supply as a result of their male partner
becoming ill (Coile, 2004; Siegel, 2006). This decrease in labour supply is likely due to
household member now needing to provide care to the sick household member, which
is related to the channel we discuss above. It would seem reasonable, given these
results and the literature on formal and informal care, that lowering the costs of
healthcare would result in less dramatic decreases in household labour supply.
Indeed, Fadlon and Nielsen (2021) analyse non-fatal health shocks in Denmark, where
health insurance coverage is relatively comprehensive, and conclude that a non-fatal
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heart attack or stroke has no significant impact on spouse’s labour supply. Given the
generous publicly funded healthcare coverage in Denmark, one may conclude that
spouses’ do not need to reduce labour supply to provide informal care, as this care is
provided publicly at a low cost to the household. Furthermore, Braakmann (2014)
analyse the impact a disability has on own and spouses labour supply using data from
Germany, and again find no evidence that spouses labour supply changes as a result
of a disability. Once again, the context is important as Germany has a universal
healthcare system, which may mean there is no requirement for households to trade
costly formal care for informal care. Indeed, Stabile et al. (2006) find that a more
generous public home care programme was associated with a decrease in informal
care provided and also an increase in self-reported health, although the focus of this
study was on older adults. These papers provide some evidence in favour of publicly
financed health insurance increasing labour supply at the household-level. Given that
low income households are more likely to experience this ill-health, it is possible that
an expansion of publicly financed health insurance would disproportionately impact
those at the lower end of the income distribution. We, therefore, expect that analysing
the impact of a health insurance expansion at the household-level will yield
substantial redistributive effects, which magnify the individual-level effects, as a
result of the household resource allocation pathway.

This paper estimates the heterogeneous effects of a publicly financed healthcare
expansion on income. In particular, we revisit the Oregon Health Insurance
Experiment (OHIE) and exploit its experimental design to estimate its impact on
household disposable income. We separately examine the effects on household earned
income and healthcare expenditure to offer insight into possible causal pathways.1

Several papers have previously analysed the OHIE and have investigated a wide
range of outcomes, including health care utilisation, medical debt, emergency
department use, dental care, prescription use, various medical outcomes, labour
supply outcomes, and voting participation (Finkelstein et al., 2012; Baicker et al., 2013,
2014; Taubman et al., 2014; Finkelstein et al., 2016; Baicker et al., 2017, 2018a,b; Baicker
and Finkelstein, 2019; Sacarny et al., 2020).

The two most closely related papers to ours are Finkelstein et al. (2012) who analyse,
among other outcomes, medical expenditure, and Baicker et al. (2014) who analyse
labour supply. Both papers exploit the experimental design of the OHIE, where
individuals were given the opportunity to apply for Medicaid if they were selected by
the lottery. Not all lottery selected individuals eventually received Medicaid coverage
and therefore lottery selection is used as an instrument for Medicaid coverage to
estimate the impact on individual outcomes. Our paper follows a similar approach to

1Our contribution to the discussion of redistributive effects of healthcare provision is specifically chan-
nelled through household finances that exist in parallel to effects of public provision of private goods
(Besley and Coate, 1991; Glomm and Ravikumar, 1992; Bhattacharjee et al., 2017) and general equilibrium
effects are outside the scope of this paper.
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these previous papers, and further details of the analysis are presented in Sections 2.2
and 2.3. These papers present causal impacts of Medicaid coverage using this
approach, but additionally include intention-to-treat estimates, which use the lottery
selection in a reduced form specification, which the authors claim to be akin to policy
effect estimates. Finkelstein et al. analyse a wide range of outcomes, including
healthcare utilisation, self-reported health, preventative treatment, and importantly
for this paper, financial strain and healthcare expenditures. Finkelstein et al. estimates
a significant fall in whether the individual owes money for medical expenses (18%),
whether borrowed money to pay for medical bills (15.4%), and whether has been
refused medical treatment because of medical debt (3.6%), all within the past six
months. They also estimate there to be a significant fall of 20% in the probability of
any medical expenses in the previous six months as a result of receiving Medicaid
coverage. Finkelstein et al. also estimate a reduced form quantile regression on
out-of-pocket medical expenditures, but do not estimate causal quantile estimates in
their paper. However, they find that the reduced form specification shows that the
magnitude of impact of the policy on out-of-pocket expenditures was increasing
across the distribution, which suggests an unequal impact in favour of low-income
groups.

Baicker et al. focus on the impact of Medicaid coverage on labour supply outcomes
and benefits received. Baicker et al. estimate there to be no significant change in any
earnings, amount of earnings, and earnings above the federal poverty line, in both
their intention-to-treat and instrumental variable estimates. They do, however, find an
increase in amount of food stamps received, but no evidence of an increase in benefits
from any other source. Baicker et al. additionally do not estimate any heterogeneity in
the effect on earnings from Medicaid coverage.

This paper adds to the contributions of these papers in two important ways. Firstly,
this papers main aim is to analyse the redistributive impacts of Medicaid coverage, to
do so we estimate IV-quantile regressions on disposable income (income net of
medical expenditure), as well as separately for income and out-of-pocket medical
expenditure. The previous papers analysing the OHIE have not estimated the
heterogenous effects on income, and although Finkelstein et al. previously estimated
quantile regressions on out-of-pocket payments, we estimate the equivalent outcome
with IV-quantile regressions to provide causal estimates of Medicaid coverage. In
addition, we analyse the impact of Medicaid at the household level rather than the
individual level. We believe that household-level reallocation of resources, that we
discuss above, is an important pathway when analysing the redistributive effects.
Given that the OHIE extended coverage to all adults in the household if they won the
lottery, we are able to conduct this analysis at the household level, and make a claim
regarding the impacts at a higher level of aggregation. When analysed at the
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household-level, we may, in fact, find that the income effects are even larger at the
household level, given the informal care channel discussed above.

Briefly, we find significant heterogeneous effects on household disposable income
with estimates offering tentative evidence of a secondary redistributive pathway
specific to healthcare provision. We acknowledge that results are based on a
low-income sub-sample, which nevertheless contains a large portion of the income
distribution in Oregon, suggesting that findings offer lower bound estimates for the
presented effects and the redistributive power of the coverage expansion mechanism.

The rest of the paper is organised as follows: Section 2.2 presents the experimental
set-up for the Oregon experiment. Section 2.3.1 discusses the data and the features
that guide some of our econometric specifications, Section 2.3.2 develops the empirical
strategy and econometric models to be estimated, Section 2.4 presents the results and
sensitivity checks, while Section 2.5 discuss the findings and concludes.

2.2 Background to the Oregon Health Insurance Experiment

In 2008, the Oregon Health Plan (OHP) consisted of two programs, namely OHP
Standard and OHP Plus. The OHP Plus provided coverage for those eligible for
Medicaid, i.e. children and pregnant women, the disabled, and families who received
TANF (Temporary Assistance to Needy Families). OHP Standard was a state
expansion of the traditional Medicaid program that covered (with no enrollee
cost-sharing) low-income adults not categorically eligible for OHP Plus that met
certain criteria, namely: adults aged 19-64 not otherwise eligible for public insurance
who are Oregon residents, are U.S. citizens or legal immigrants, have been without
health insurance for six months, have income below the federal poverty level (FPL),
and have assets below $2,000 (Finkelstein et al., 2012). Due to budget constraints OHP
Standard had been closed to new enrollees since 2004 but natural attrition of enrollees
had meant that in 2008 the state had sufficient funds to reopen OHP Standard to new
entrants. As the state budget would be unlikely able to cover the predicted demand
for new OHP enrolments, a lottery would take place to decide who would receive
OHP Standard coverage.

The lottery was opened for five weeks in total between the end of January and the end
of February of 2008. The signup process was designed to be simple so that the barrier
to signing up for the lottery was small (only some demographic information was
requested at sign-up), and there was a large publicly funded campaign to ensure that
the population of Oregon were aware of the lottery. Although entrance in the lottery
was done individually, success in the lottery meant that the winner, as well as every
member of their household, could apply for OHP Standard. There was no eligibility
criteria for applying to the lottery, however being selected in the lottery allowed the
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household to apply for OHP Standard, and at this stage the households eligibility for
OHP Standard would be checked. As a result, approximately 30% of those selected by
the lottery did not eventually receive OHP Standard as they were not eligible
(Finkelstein et al., 2012). Given this eligibility criteria, the OHIE data, discussed in
more detail in Section 2.3, is not representative of Oregon as a whole, but rather has a
disproportionately high number of low-income households, and indeed was designed
to be so.

Originally there were 100,600 applicants for the lottery, however, once duplicates,
deceased, and ineligible applicants were removed there were 74,992 individuals in the
sample. Between March and September of 2008, eight random lotteries were drawn to
select 29,589 individuals (from 24,912 households) that had been successfully chosen
in the lottery. Once individuals received notification of lottery selection there was a
short period in which they were able to apply for OHP Standard. Hence, success in
the lottery did not guarantee that a household would be enrolled on OHP Standard.
Only about 30% of the individuals selected in the lottery successfully enrolled onto
OHP Standard. Of those that did not successfully enrol, about half did not send the
application back in time, and the other half did not meet the eligibility criteria at the
time of enrolment (mostly income criteria). Once enrolled, individuals remained on
OHP Standard indefinitely, unless they failed to resubmit the required paperwork or
moved outside of the eligibility criteria (Finkelstein et al., 2012).

Figure 2.1 shows the household income distribution for Oregon households in 2008
and the income eligibility requirement thresholds. The broken lines show the federal
poverty lines for 2008 and different household sizes, with green (dotted) line for one
person households ($10,400), blue (short dashed) line for four person households
($21,200), and finally the red (long dashed) line for six person households ($28,400)
(Allen et al., 2010; Department of Health and Human Services, 2015). Although
coverage expansion and its effects were focused on low-income individuals, the
histogram potentially suggests a significant mass for which this policy would be
relevant.

2.3 Data and estimation

2.3.1 Data

The analysis uses the OHIE public data2. The OHIE data was collected specifically for
the purpose of analysing the impacts of Medicaid coverage on a variety of outcomes,
and there is a substantial body of previous work using this data (Finkelstein et al.,
2012; Baicker et al., 2013, 2014; Taubman et al., 2014; Finkelstein et al., 2016; Baicker

2Full detail of the public use datasets is available at http://www.nber.org/oregon/data.html.

http://www.nber.org/oregon/data.html
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FIGURE 2.1: Distribution of household income for Oregon in 2009

Note: Income categories shown in the histogram are: less than $10,000, $10,000 to $14,999, $15,000 to
$24,999, $25,000 to $34,999, $35,000 to $49,999, $50,000 to $74,999, $75,000 to $99,999, $100,000 to $149,999
and finally $150,000 to $199,999. There is an omitted category which is $200,000 or more, the mass for this
category is 2.9%. Green (dotted) line: 2008 federal poverty line for households of a single person. Blue
(short dashed) line: 2008 federal poverty line for households of four people. Red (long dashed) line: 2008
federal poverty line for households of six people. Black (solid) line: Median income. Data presented in
this figure are estimates, margins of error are not presented but are available from data source. This data
is sourced from the United States Census Bureau: American Community Survey 5-Year Estimates
2005-2009 and Department of Health and Human Services.

et al., 2017, 2018a,b; Baicker and Finkelstein, 2019; Sacarny et al., 2020). The OHIE data
is comprised of 74,922 individuals (66,385 households) that applied to the lottery,
initially there were 100,600 lottery applicants, however the data collectors removed
25,608 records from the analysis sample because of duplicate entries, ineligibility for
the lottery, having died pre-lottery, and because they would not have been eligible for
OHP Standard if they were selected in the lottery.

The OHIE data was collected from a variety of sources. A list of individuals that
signed up to the lottery and the data they provided upon signup, Medicaid enrolment
and application, mortality, and benefits data were provided by state departments3.
The data also includes hospital discharge data from the Oregon Association of
Hospitals and Health Systems, and credit report data from the TransUnion’s
Consumer Credit Database.

3These include: Oregon’s Department of Human Services Division of Medical Assistance Programs,
Oregon’s Office of Health Policy and Research and Oregon’s Department of Human Services Children,
Adults and Families Division, Oregon’s Center of Health Statistics.
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However, the main part of the OHIE data, and the part which much of the analysis in
this paper uses, is the mail survey. Three mail surveys were conducted, an initial mail
survey and a 12 month survey which were sent to the same sample of 58,405 (29,589
treated, 28,816 controls) individuals, of which there were 26,423 individual responses
for the initial mail sample, and 23,741 in the 12 month survey. There was additionally
a six month survey which was sent to a sub-sample of 11,756 individuals, of which
there were 5,411 responses. Once we aggregate to the household-level (discussed
further below) and remove missing values we have an estimating sample of 18,653
households, of which we have 9,094 treated households, and 9,559 control households.

The mail survey was designed to be thorough in eliciting responses. The mail surveys
initially consisted of a screener postcard, and the three mail surveys. If the mail
surveys were un-deliverable, then there were several attempts to find a more
up-to-date address from the post office, LexisNexis people search, and Cascade Direct
change of address database, or by phoning the participants. Responders were given $5
for returning the survey, and entered into a lottery to win $200. In addition, a more
intensive procedure was conducted on a sub-sample of 30% of those that did not
respond initially. This more intensive follow-up included several phone calls, and
were mailed an additional two times. If surveys were un-deliverable in this
sub-sample, then attempts were made to find an up-to-date address using Google,
whitepages.com, MySpace, Facebook, commercial databases, court documents and
marriage licenses. This process of eliciting responses was reasonably successful in
achieving a high proportion of responses, but selection into response could be a source
of bias in our estimates. A discussion of the balance between treatment and control
groups below provides evidence that disproportionate selection into response not
being being a major concern in this data.

Notification of treatment status was done prior to the data collection and therefore the
mail survey provides information on post-treatment impacts. A variety of variables
are collected in the surveys, including health and healthcare utilization, as well as,
demographic and socio-economic characteristics. Because eligibility was, partly,
determined by household income, income data in the OHP Standard was collected
through the question “What was your gross household income (before taxes and
deductions are taken out) for the last year? Please include any cash assistance or
unemployment you may have received.”4 Responses are given in 22 discrete
categories with the first being $0 and from $1 onwards, in intervals of $2,500, up until
$50,000. Conversion to a continuous measure for the analysis takes the midpoint of

4Given the eligibility criteria, and income being self-reported, there may be some concern that income
might be strategically misreported. If income was misreported, then this would invalidate your identifi-
cation strategy. We explore the potential that income was misreported in the appendix Section 2.A.1. We
don’t find any evidence of strategic misreporting based on this analysis.
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each discrete category to be household income 5. Health care expenditure are elicited
for the last six-months through the question “In the last 6 months, how much money
did you spend on medical care for yourself? Include anything you paid for your
health care”, with responses on a an open-ended format of dollar amounts.

Given the level of aggregation of income and the objective to estimate the policy
effects of OHP standard coverage on disposable income, the analysis is carried out at
the household level. To this effect, individual-level continuous variables are
aggregated to the household level, while for categorical variables the share of
household members in each variable category is computed. Disposable income is
constructed by dividing household income by two to get its six-month equivalent,
summing up individual healthcare expenditure across all household members to
match the aggregation level of household income and finally subtracting household
expenditure from household income.

Finkelstein et al. (2012) provide extensive results on the balance between treatment
and control units based on observable characteristics, and, on the whole, show that the
treatment and control groups are well balanced. We additionally show our own
evidence of treatment control balance, at the household level, in Table 2.2. However,
one can see from our Table 2.2, and Finkelstein et al. also show that there are
disproportionately more larger households in the treatment group, and the groups are
not balanced along this dimension. This is due to large households being able to
increase their probability of being treated. Larger households could increase their
probability because although randomisation happened at the individual level, if
selected all household members were given the chance to apply for OHP Standard,
therefore by ensuring that other members of their household also sign up there was
higher chance of receiving OHP Standard. Although this was expected a priori and
controls were purposefully over-sampled for this reason, the take-up was lower than
expected and therefore when randomising the OHIE “ran-out” of larger households to
use as controls. For this reason, we follow Finkelstein et al. and control for multiple
lottery sign-ups in the household, as well as number of household members
throughout our analysis to handle this issue.

Descriptive statistics of the estimation sample are presented in table 2.1. Table 2.3
presents means and 95% confidence intervals for households selected in the lottery
and those not selected in the lottery. Table 2.4 shows the proportion of household with
positive expenditure, and the mean expenditure for those with positive expenditures,
for a number of healthcare services. Figure 2.2 shows the income distribution of
earned income in our sample.

5Under the assumption that individual characteristics are not correlated with the precise position of
an individual within the interval, the linearisation of income does not introduce any bias in the models.
Nevertheless, the additional noise will likely inflate standard errors compared to the case of a precisely
measured income but such variable is not available in the published dataset.
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A notable feature of Figure 2.2 is that there is a very high proportion of the sample
who report zero income, or very low income. Firstly, as mentioned, the OHIE was
designed specifically such that those eligible for Medicaid coverage were from
low-income households, therefore we would expect there to be a high proportion of
low-income individuals in our sample. The high proportion of households reporting
zero income may be particularly surprising however. Previous analysis of the OHIE
have also reported a high proportion of zero-income individuals in their data, with the
proportion of individuals reporting “any earnings” being just 0.55, and therefore this
mass of zero reported income is not unique to our data (Finkelstein et al., 2012; Baicker
et al., 2014). Further, the American Community Survey 1-year Estimates (albeit for the
year 2010) (United States Census Bureau, 2010) show that approximately 76% of
Oregon household have any earnings. Therefore this high proportion of zero-income
households is a feature of the income distribution of Oregon, and the United States
more generally, not unique to our data. The high proportion of households that report
no earnings in our sample is therefore not particularly unexpected, and if anything,
we would expect that zero-income household are more disproportionately
represented in our data given the low-income criteria of the programme.

FIGURE 2.2: Distribution of earned income in sample

Note: The left most category are households with zero income, the second is $1 onwards to $2,500 and
then in intervals of $2,500, up until $50,000. The final category is greater than $50,000.
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Variable Mean Standard Deviation
Lottery Winner 0.49 0.50
Medicaid Recipient 0.17 0.37

Sex
Proportion of Females in Household 0.61 0.45

Age
19-24 year olds 0.07 0.26
25-34 year olds 0.21 0.39
35-44 year olds 0.19 0.38
45-54 year olds 0.28 0.43
55-65 year olds 0.21 0.40

Race
Proportion of White household members 0.84 0.36
Proportion of Black household members 0.03 0.18
Proportion of Hispanic household members 0.11 0.31
Proportion of Other ethnic origin household members 0.18 0.38

Household Composition
Number of Adults in each household 2.10 1.10
Number of Children (under 19 years old) in each household 0.83 1.24

Earned Income
Proportion of Households with positive income 0.87 0.33
Income of households with a positive earned income 13,265.75 11,718.98

Employment
Employed 0.49 0.50
Working under 20 hours 0.10 0.30
Working between 20 and 30 hours 0.11 0.32
Working over 30 hours 0.29 0.45

Observations 18,653

TABLE 2.1: Descriptive Statistics of the Estimating Sample

2.3.2 Estimation

The analysis exploits the unique design of the OHIE to examine heterogeneity of
effects of OHP Standard coverage in both intent-to-treat and instrumental variable
estimations for the extensive and intensive margin on three outcomes measured at the
household level, namely, household disposable income (i.e. household income net of
health expenditures), and subsequently on its constituent parts, i.e. healthcare
expenditure and household earned income.

Through the lottery mechanism, lottery selection can be interpreted as the
intent-to-treat effect, describing the impact of the policy change on the overall
population including those that did not eventually receive OHP Standard after being
selected by the lottery. At the same time, given that those not receiving coverage,
despite being selected by the lottery, are likely to share common unobservable
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Variable Selected by lottery Not selected by lottery T-test p-values

Sex
Proportion of Females in Household 0.608 0.617 0.1566

Age
19-24 year olds 0.074 0.075 0.8080
25-34 year olds 0.208 0.209 0.8386
35-44 year olds 0.196 0.192 0.4867
45-54 year olds 0.269 0.283 0.0216
55-65 year olds 0.210 0.208 0.7562

Race
Proportion of White household members 0.836 0.845 0.0828
Proportion of Black household members 0.030 0.036 0.0234
Proportion of Hispanic household members 0.110 0.103 0.1102
Proportion of Other ethnic origin household members 0.186 0.182 0.3815

Household Composition
Number of Adults in each household 2.120 2.089 0.0511
Number of Children (under 19 years old) in each household 0.864 0.803 0.0007

Earned Income
Proportion of Households with positive income 0.880 0.870 0.0589
Income of households with a positive earned income 13,658.228 12,894.873 0.0000

Employment
Employed 0.509 0.479 0.0000
Working under 20 hours 0.106 0.099 0.0989
Working between 20 and 30 hours 0.114 0.115 0.9025
Working over 30 hours 0.307 0.278 0.0000
Observations 9,094 9,559

TABLE 2.2: T-test of the difference in means of lottery winners and those that were not
selected in the lottery in the Estimating Sample

characteristics, lottery selection can be used as an instrument for OHP Standard
coverage (Finkelstein et al., 2012; Baicker et al., 2014).6

2.3.3 Intent-to-treat

The extensive margin for the intent-to-treat (ITT) specification is described as a binary
probit model:

P(Yj,i > 0) = Φ
(

β1,jLottery Selectioni + β2,jXi
)

(2.1)

where j = 1, .., 3 denotes the three possible outcomes in the analysis, i.e. disposable
income, healthcare expenditure or earned income, for household i. Lottery Selectioni is
a binary variable equal to 1 if the household was selected in the lottery to receive OHP
Standard. Xi denotes a range of household level characteristics that the regression
controls for, including average household age, proportion of females in household,
proportion of white household members, proportion of black household members,
proportion of Hispanic household members.

6Although a pre-treatment survey is available for lottery sign ups, information on household income
and health expenditures was not collected. Instead, lottery sign-up specific variables are included, such
as date of sign-up, number of people in the household on the lottery list and whether application was
approved. A difference-in-differences estimation strategy for causal estimation is therefore not possible.
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Variable Selected by lottery Not selected by lottery
Sex
Proportion of Females in Household 0.61 0.62

[0.5988,0.6171] [0.6082,0.6264]

Age
19-24 year olds 0.07 0.07

[0.0688,0.0793] [0.0697,0.0801]
25-34 year olds 0.21 0.21

[0.2002,0.2162] [0.2014,0.2173]
35-44 year olds 0.20 0.19

[0.1884,0.2040] [0.1848,0.2000]
45-54 year olds 0.27 0.28

[0.2599,0.2774] [0.2744,0.2920]
55-65 year olds 0.21 0.21

[0.2018,0.2181] [0.2001,0.2161]

Race
Proportion of White household members 0.84 0.85

[0.8288,0.8438] [0.8383,0.8526]
Proportion of Black household members 0.03 0.04

[0.0269,0.0339] [0.0326,0.0400]
Proportion of Hispanic household members 0.11 0.10

[0.1039,0.1167] [0.0971,0.1092]
Proportion of Other ethnic origin household members 0.19 0.18

[0.1786,0.1944] [0.1740,0.1892]

Household Composition
Number of Adults in each household 2.12 2.09

[2.0972,2.1432] [2.0672,2.1104]
Number of Children (under 19 years old) in each household 0.86 0.80

[0.8382,0.8896] [0.7783,0.8273]

Earned Income
Proportion of Households with positive income 0.88 0.87

[0.8727,0.8864] [0.8633,0.8770]
Income of households with a positive earned income 13,658.23 12,894.87

[13408.7673,13907.6884] [12658.4441,13131.3014]

Employment
Employed 0.51 0.48

[0.4990,0.5198] [0.4690,0.4893]
Working under 20 hours 0.11 0.10

[0.0996,0.1123] [0.0926,0.1046]
Working between 20 and 30 hours 0.11 0.11

[0.1077,0.1208] [0.1084,0.1212]
Working over 30 hours 0.31 0.28

[0.2975,0.3165] [0.2687,0.2867]

Observations 9,094 9,559

TABLE 2.3: Comparison of characteristics of lottery winners and those that were not
selected in the lottery (with 95% confidence intervals in parentheses) in the Estimating

Sample

We additionally control for household composition, because throughout the analysis
we use household-level income which has not been equivalised (i.e. not adjusted for
household size). One concern is that when estimating the heterogeneous impacts of
Medicaid using household-level outcomes that have not been equivalised, we may be
inadvertently estimating heterogeneous impacts by household size indirectly. In other
words, we are estimating the heterogeneous effects by household size, because larger
households will be disproportionately found in higher income groups by virtue of
having more individuals able to earn income. We therefore include household
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Variable Mean Standard Deviation

Doctor Visits Expenditures
Proportion of Households with positive expenditure 0.35 0.48
Expenditure of households with a positive health expenditure 730.22 2,620.61

Emergency Room Expenditures
Proportion of Households with positive expenditure 0.08 0.27
Expenditure of households with a positive health expenditure 2,796.60 6,895.11

Drug Prescriptions Expenditures
Proportion of Households with positive expenditure 0.39 0.49
Expenditure of households with a positive health expenditure 450.74 1,514.40

Other Healthcare Expenditures
Proportion of Households with positive expenditure 0.12 0.33
Expenditure of households with a positive health expenditure 914.85 2,469.41

Total Healthcare Expenditure
Proportion of Households with positive expenditure 0.49 0.50
Expenditure of households with a positive health expenditure 1,547.49 4,738.68

Observations 18,653

TABLE 2.4: Healthcare Expenditure Statistics of the Estimating Sample

composition (# of adults in the household, # of children (under 18) in the household)
as additional control variables to ensure we are estimating the heterogeneity by
income, not household size indirectly 7.

Although sign up to the lottery was done at the individual level the entire household
was treated with the opportunity to receive OHP Standard. This means that
household members can increase their probability of receiving treatment by ensuring
that other members of their household also sign up. As such, probability of treatment,
is therefore, conditional on the number of household members that applied. To
account for endogeneity, in addition to household size, Xi also includes a control for
multiple lottery sign-ups.

Conditional on a positive outcome, the intensive margin for ITT is specified as a
quantile regression, where quantile regression coefficients are estimated by
minimizing the following objective function:

Qτ(Yj,i|Yj,i > 0) =
N

∑
i:Yj,i≥Wi β j,τ

q[Yj,i −Wiβ j,τ] +
N

∑
i:Yj,i<Wi β j,τ

(1− q)[Yj,i −Wiβ j,τ] (2.2)

where τ is the quantile to be estimated and Wi = (Lottery Selectioni, Xi).

7An alternative approach may be to equivalise household income, however given that we have a cat-
egorical variable, doing so would induce further noise into our outcome measure and inflating standard
errors, which we note above, and we would prefer to avoid doing this. In appendix Section 2.A.5 we
estimate our models using a per-capita measure of household income to show that our results are robust
to method of handling this issue.



28 Chapter 2. Redistributive effects of a publicly financed healthcare expansion

2.3.4 Instrumental Variable

To estimate the causal impact of OHP Standard coverage expansion, instrumental
variables are estimated with lottery selection as the exogenous change (i.e instrument)
in Medicaid coverage. The ITT estimates are not considered to be causal estimates of
the impact of Medicaid coverage because although lottery selection was randomly
assigned, not all of those that won the lottery eventually received OHP Standard. As
discussed above, approximately 30% of those that won the lottery did not receive
Medicaid coverage, about half of those being due to them falling outside the eligibility
criteria, and half because they did not submit the relevant paperwork in time.
Therefore, the ITT estimates will likely underestimate the true impact.

Using Medicaid coverage directly in a reduced form estimator (i.e. without an
instrument) would also likely lead to bias estimates. Given that many individuals did
not receive Medicaid coverage after winning the lottery because of them falling
outside of the eligibility criteria, there is essentially a selection into treatment by
eligibility status. Indeed this is particularly salient in our context, as we are interested
in outcomes which are specified explicitly in the eligibility criteria. Our primary
outcome of interest is disposable income, and part of the eligibility criteria was having
income below a given threshold. Therefore using Medicaid coverage directly would
downward bias our estimates as we would be comparing those that did receive
Medicaid coverage, and therefore had income below the income threshold, with a
group containing households that were rejected from receiving OHP standard because
their income was too high. In addition, it may be the case that those that did not
submit their paperwork in time share some unobservable characteristics which would
also bias the estimates. As a result, we require the use of lottery selection as an
instrument for Medicaid coverage, and this is what we do for our IV estimates.

The identifying assumption is that lottery selection had no direct impact on outcomes,
but rather only impacted outcomes through Medicaid coverage. This assumption
seems plausible in our setting, as the lottery selection was, by construction, random,
and there are no other obvious channels in which lottery selection may impact our
outcomes, aside from by impacting Medicaid coverage. The only way in which lottery
selection may impact our outcomes is through a placebo effect, however we don’t
anticipate these effects to be substantial, if they exist at all. Therefore, we believe that
the IV estimates will provide a causal interpretation of Medicaid coverage on
disposable income.

For the extensive margin a consistent two-stage instrumental variable probit estimator
is used (Roodman, 2011), while for the intensive margin a two stage residual inclusion
(2SRI) methodology is applied 8 as it gives numerically identical estimates as the

8To ensure the standard errors produced in the second stage are correct the entire system of equations
is bootstrapped and iterated 250 times.
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typical two stage least squares approach, but has also been shown to provide
consistent estimates for a broad class of non-linear models, like those estimated here
(Terza et al., 2008a) and is an approach previously used by Fang et al. (2009)9. In both
extensive and intensive margins, the first stage is given by:

OHP Standardi = δ1Lottery Selectioni + δ2Xi + ui (2.3)

where OHP Standardi is a binary variable denoting 1 if the household received OHP
standard and 0 if they did not.

The second stage of the extensive margin is subsequently specified as a probit model

P(Yj,i > 0) = Φ
(

β1,j ̂OHP Standardi + β2,jXi

)
(2.4)

with the second stage of the intensive margin given by

Qτ(Yj,i|Yj,i > 0) =
N

∑
i:Yj,i≥Vi β j,τ

q[Yj,i −Viβ j,τ] +
N

∑
i:Yj,i<Vi β j,τ

(1− q)[Yj,i −Viβ j,τ] (2.5)

where Vi = (OHP Standardi, Xi, ûi), with ûi being the first stage residual that is
included as an additional independent variable.

2.3.5 Identifying effects pathways

Given the objective of healthcare coverage expansion, the reduction in household
healthcare expenditure is an expected corollary, even if the heterogeneity of effect
across the expenditures distribution is a new insight into how the effect works. The
spillover effect, however, of the OHP expansion on earned household income is not as
obvious and exploring some of the possible channels that the effect might work
through is of interest.

Direct evaluation of such channels is not feasible and as such we rely on indirect tests
indicative as the underlying relations. First, we examine whether increased income
could be the result of an increase in employment or in the hours worked. Using the
lottery mechanism, we causally estimate the effect of the health plan expansion on the
probability of household employment, employment type and hours of work. Second,
we check whether changes in employment patterns are the result of improvements in
household health. Under known evidence, which is also empirically supported in our
data, low-income individuals have lower health than the right-hand side of the
income distribution. In our sample, the left hand side of the income distribution also
have lower proportion of households with an employed household member. An

9In appendix Section 2.A.2 we present estimates from more typical estimation procedures for the in-
tensive margin and show that our findings are robust to estimation method.



30 Chapter 2. Redistributive effects of a publicly financed healthcare expansion

increase in employment due to OHP Standard coverage would be driven by
individuals not working pre-coverage, which in our case are more concentrated in the
lower-income categories. Given that those on the left hand side of the distribution are
less likely to work and have the highest marginal benefit to healthcare, a priori we
expect increases in the health of this group to lead to larger changes in employment.
Under the assumption that the lottery mechanism has no correlation to health other
than through healthcare coverage expansion, we directly instrument health with the
lottery mechanism and obtain causal effects of changes in heath (brought about by the
expanded health plan) on employment type and hours of work. Our measure of
health is a binary measure of whether, on average, the household reported ‘Good,
Very Good or Excellent’ self-assessed health, or whether they, on average, considered
their health to be ‘Fair or Poor’. This measure is clearly not a precise measure of
health, and we loose a lot of nuance from simply using self-reported health and by
aggregating to the household level. There may be better ways of assessing overall
household health, however, it is still useful as means of measuring general household
health, and self-assessed health has been previously been found to have increased due
to the Medicaid coverage (Finkelstein et al., 2012) and therefore has been found to
pass the IV relevance condition we require. It is also one of the only measures of
health which does not have any healthcare utilisation or access components
embedded. Therefore, although we acknowledge its limitations as a measure of
health, we believe it is still useful as a means of assessing whether health is a mediator
in the causal channel between Medicaid coverage and employment.

Finally, we examine, whether changes in earned income are the result of potential
household resources being freed-up as a result of coverage expansion. To this effect,
we identify households at increased risk of needing intra-household care as those
where at least half the household members indicated that “went without prescription
medication” because they could not physically get the prescription or could not get to
pharmacy. These households are disproportionately represented in the low-income
categories, and therefore if freeing up household resources is a means by which
income increases, we would expect low-income categories to benefit more from the
health insurance expansion. We repeat the earned household income estimations for
this restricted sub-sample to analyse whether this is indeed the case.

2.4 Results

2.4.1 ITT estimations

ITT estimates are presented in Tables 2.5 and 2.6. Results show that intent-to-treat had
no statistically significant effect (extensive or intensive margin) on disposable or
earned income. Yet, significant effects on the probability of positive out-of-pocket
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expenditure were found for Doctors, ER visits, medical prescriptions, other
expenditure and total expenditure with intention-to-treat decreasing expenditure by
6.8, 1.3, 6.0, 0.1 and 6.5 percentage points (p.p.), respectively. Significant effects on the
size of the expenditure (conditional on being positive) was observed only for the 25 th

percentile of prescription expenditure, and total expenditure with $21.9, $54.7, $49.4
and $63.2 drops for the 25th, 40th, 50th and 60th percentiles.

Household Disposable Income
Extensive Margin Intensive Margin

Linear 25th 40th 50th 60th 75th

Lottery Selection 0.0057 188.0 199.4 60 251.3 267.3 129.9
(0.0049) (172.2) (173.6) (103.2) (254.9) (245.6) (241.7)

Observations 18,653 15,375

Notes: Estimations control for multiple lottery signups, household level age, sex, ethnicity, number of children and
number of adults. Extensive margins are reported as marginal effects. Robust standard errors in parentheses. ***

denotes p-value ≤ 0.01, ** denotes p-value ≤ 0.05, * denotes p-value ≤ 0.10

TABLE 2.5: Intention-to-treat estimates of the effect of lottery selection on household
disposable income

2.4.2 IV estimations

Disposable Income

The first row of Table 2.7 shows the causal effect of Medicaid coverage expansion on
disposable income, with the first column presenting the findings for the extensive
margin, then the linear estimates of the intensive margin and subsequent columns
presenting effects for the 25th, 40th, 50th, 60th and 75th percentiles. For the extensive
margin, those that received Medicaid coverage as a result of winning the lottery, on
average, saw a statistically significant increase in the probability of having a positive
disposable income of approximately 4.5 percentage points. Among those with positive
disposable income, quantile regressions shows a clear gradient of the effect of
Medicaid with an almost monotonic drop of the effect as one moves from the left to
the right hand side of the distribution. Those on the far left hand side of the
disposable income distribution (i.e. 25th percentile) saw a statistically significant
increase in disposable income in the region of $1,667 and a $1,243 for the 60th

percentile, while those on the right hand side of the distribution (i.e. 50th, 60th and 75th

percentile) saw no statistically significant change in disposable income.

Healthcare Expenditure

Panel (a) in Table 2.8 presents the results of the probit, linear and quantile estimates of
the effect on out-of-pocket (OOP) healthcare expenditures. For the extensive margins,
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(a) Out-of-Pocket Expenditures
Extensive Margin Intensive Margin

Linear 25th 40th 50th 60th 75th

Doctors
Lottery Selection -0.0683∗∗∗ 85.61 0.0 0.0 -8.362 0.0 0.0

(0.0069) (64.49) (2.550) (3.069) (12.02) (7.798) (20.15)

Observations 18,653 6,552

ER
Lottery Selection -0.0130∗∗∗ 240.7 0.0 -32.68 17.17 69.02 113.2

(0.0039) (376.2) (40.40) (57.94) (76.77) (128.4) (242.4)

Observations 18,653 1,431

RX
Lottery Selection -0.0600∗∗∗ 18.28 -9.385*** -4.615 -5.538 -4.631 0.430

(0.0070) (38.50) (3.112) (4.634) (6.872) (9.552) (17.40)

Observations 18,653 7,269

Other
Lottery Selection -0.0098∗∗ -115.4 -6.012 -10.69 -22.40 -16.78 -2.930

(0.00477) (107.2) (11.49) (12.11) (24.02) (26.34) (63.05)

Observations 18,653 2,248

Total
Lottery Selection -0.0652∗∗∗ 39.06 -21.93*** -54.66*** -49.29*** -63.19** -81.53

(0.0072) (100.2) (7.658) (14.93) (18.66) (27.00) (54.62)

Observations 18,653 9,124

(b) Earned Household Income
Extensive Margin Intensive Margin

OLS 25th 40th 50th 60th 75th

Lottery Selection 0.0006 173.1 79.68 0.0 0.0 310.7 0.0
(0.00487) (173.4) (162.4) (65.97) (160.5) (292.5) (174.7)

Observations 17,886 15,645

Notes: Estimations control for multiple lottery signups, household level age, sex, ethnicity, number of children and
number of adults. Extensive margins are reported as marginal effects. Robust standard errors in parentheses. ***

denotes p-value ≤ 0.01, ** denotes p-value ≤ 0.05, * denotes p-value ≤ 0.10

TABLE 2.6: Intention-to-treat estimates of the effect of lottery selection on household
out-of-pocket expenditures and household income

IV causal estimates are statistically significant, with Medicaid reducing the probability
of any health expenditures by approximately 22 p.p. for Doctor visits, 5.2 p.p. for ER
visits, 18.2 p.p. for drug prescriptions, 3.4p.p. for other expenditure and 18.7 p.p. for
total OOP expenditure. For the intensive margins result show similar patterns to those
found for disposable income above, although significance is present only for total
OOP expenditure. There is a clear and significant gradient in the estimated effects of
Medicaid coverage suggesting significant heterogeneity in the impact of OHP
standard coverage across the expenditure distribution. Those with higher healthcare
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Household Disposable Income
Extensive Margin Intensive Margin

Linear 25th 40th 50th 60th 75th

OHP Standard 0.0453*** 822.6 1,665.5** 1,243.3** 618.2 912.1 -1,141.0
(0.0147) (557.4) (655.0) (496.8) (712.5) (759.0) (771.3)

1st stage F-test 4,729.40 3,487.04
Observations 18,433 15,184

Notes: Estimations control for multiple lottery signups, household level age, sex, ethnicity, number of children and
number of adults. Extensive margins are reported as marginal effects. Robust standard errors in parentheses. ***

denotes p-value ≤ 0.01, ** denotes p-value ≤ 0.05, * denotes p-value ≤ 0.10

TABLE 2.7: Instrumental variable estimates of the effect of the Oregon health plan
expansion on household disposable income

expenditures seeing larger decreases in their expenditures as a result of OHP standard
coverage. Specifically, those at the 25th percentile have a causal drop in expenditures
of $65.8 with a progressively increase in the magnitude as one moves to higher
percentiles, namely a drop of $143.5, $215.3 and $263.7 for the 40th, 50th and 60th

percentiles, respectively. The linear intensive margin are insignificant for each type of
health expenditure.

Household Earned Income

Results for earned income are given in Panel (b) of Table 2.8, where findings very
much resemble those for disposable income. As a result of OHP Standard expansion,
the probability of reporting positive household income greater increases by
approximately 3.8 p.p., while for those with positive income there is again significant
heterogeneity in the effect across the income distribution. Moving from left to right of
the distribution we find a gradual decrease of the effect of heath care coverage on
income, starting at $2,925 for the 25th percentile, dropping to $1,365 for the 50th

percentile and turning negative and insignificant (i.e. -$118) for the 75th percentile.

Identifying earned income pathways

Labour Supply

Panel (a) in Table 2.9 shows that OHP Standard coverage causes an increase in the
probability that a household member is employed by approximately 4 p.p., an effect
that is wholly driven by changes in the probability that a household member becomes
an employee. Turning to number of hours worked, we find little significance with an
increase in the probability of working more than 30 hours by 3.7 p.p. being significant
at the 10% level. As might be expected, in our sample the proportion of households
with at least one employed member increases through the income distribution, so it
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(a) Out-of-Pocket Expenditures
Extensive Margin Intensive Margin

Linear 25th 40th 50th 60th 75th

Doctors
OHP Standard -0.218*** 171.6 -9.126 -18.54 -60.18 -100.9** -197.3*

(0.0194) (236.6) (34.92) (25.14) (62.70) (49.05) (117.4)
1st stage F-test 4,729.40 623.03
Observations 18,433 6,481

ER
OHP Standard -0.0518*** 620.8 21.40 -96.42 58.00 280.0 61.45

(0.0116) (1077.8) (236.1) (368.0) (529.7) (843.8) (1530.9)
1st stage F-test 4,729.40 119.18
Observations 18,433 1,413

RX
OHP Standard -0.182*** 19.27 -29.69** -31.21 -36.49 -33.51 -31.59

(0.0199) (105.1) (14.88) (20.44) (30.79) (42.70) (82.75)
1st stage F-test 4,729.40 907.28
Observations 18,433 7,187

Other
OHP Standard -0.0342** -378.8 -19.71 -24.55 -69.78 -108.8 -5.411

(0.0138) (296.8) (46.40) (45.33) (75.06) (106.1) (285.9)
1st stage F-test 4,729.40 354.70
Observations 18,433 2,212

Total
OHP Standard -0.187** -72.55 -65.78** -143.5** -215.3*** -263.7** -393.0

(0.0202) (292.1) (31.89) (63.11) (81.06) (115.8) (243.2)
1st stage F-test 4,729.40 1261.03
Observations 18,433 9,020

(b) Earned Household Income
Extensive Margin Intensive Margin

Linear 25th 40th 50th 60th 75th

OHP Standard 0.0379*** 805.9 2,925.3*** 2,031.4*** 1,364.7** 1,233.0 -117.7
(0.0146) (562.7) (639.9) (534.9) (646.1) (938.5) (850.8)

1st stage F-test 4,729.40 3,346.92
Observations 18,433 15,449

Notes: Estimations control for multiple lottery signups, household level age, sex, ethnicity, number of children and
number of adults. Extensive margins are reported as marginal effects. Robust standard errors in parentheses. ***

denotes p-value ≤ 0.01, ** denotes p-value ≤ 0.05, * denotes p-value ≤ 0.10

TABLE 2.8: Instrumental variable estimates of the effect of the Oregon health plan
expansion on household out-of-pocket expenditures and household income

might be reasonable to expect that there is a differential impact on employment
probability by income category. Therefore, these results do, at least partially, explain
the heterogeneous effect in terms of earned income.

These substantial changes in labour supply may be considered to be unexpected over
the relatively short time frame we analyse (12 months post coverage). Therefore, we
present further analysis of the effect of Medcaid coverage on labour supply in
appendix Section 2.A.3. We use the initial survey zero month and the 6 month survey
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to show that these effects on labour supply take until the 12 month survey to take
effect.

(a) Effect of OHP Standard on Employment
Any Employment Employee Self-Employed Under 30 hours Over 20 hours Over 30 hours

OHP Standard 0.0406* 0.0467** -0.000374 0.0141 -0.0112 0.0368**
(0.0208) (0.0202) (0.0139) (0.0129) (0.0135) (0.0187)

1st stage F-test 4,626.01 4,626.01 4,626.01 4,696.02 4,696.02 4696.02
Observations 18,055 18,055 18,055 18,055 18,055 18,055

(b) Effect of Good Household Health on Employment
Any Employment Employee Self-Employed Under 30 hours Over 20 hours Over 30 hours

Good Health 0.293* 0.366** -0.0386 0.105 -0.0946 0.250
(0.168) (0.168) (0.114) (0.107) (0.113) (0.155)

1st stage F-test 34.54 34.54 34.54 34.21 34.21 34.21
Observations 18,057 18,057 18,057 18,057 18,057 18,057

Notes: In Panel (b) Good Health is a recoded self-assessed health question which takes the value of one if all house-
hold members report good/very good/excellent health and the value of zero if at lest one member report fair/poor
health. Estimation proceeds by directly instrumenting health through the lottery mechanism of the Oregon health plan
expansion. Estimations control for multiple lottery signups, household level age, sex, ethnicity, number of children and
number of adults. Robust standard errors in parentheses *** denotes p-value≤ 0.01, ** denotes p-value≤ 0.05, * denotes
p-value ≤ 0.10

TABLE 2.9: Instrumental variable estimates of the effect of the Oregon health plan
expansion and of good household health on the probability of household employment

Exploring further what potentially drives such increase in labour supply, Panel (b) of
Table 2.9 suggests that some of this effect is channelled through improvements in
household health. In other words, improvements in household health, as a result of
OHP Standard expansion, almost fully capture the increase a household member
being an Employee. It is worth noting that the measure of health is at the
household-level, as is employment, therefore these results may not be explained by an
individual seeing improvements in their health and therefore increasing their
individual labour supply. Indeed, over a short 12-month time span, it is unlikely that
if a household is unemployed due to ill-health their health will improve enough to
seek employment due to Medicaid coverage. Rather, it is more likely that one
household members health improves enough so that the burden of informal care is
reduced, but not necessarily eliminated, therefore increasing the labour supply of
other household members 10.

As previously, heterogeneity in earned income is possibly the result of heterogeneity
in the health distribution across income percentiles, whereby worse health is more
pronounced among the less well-off. A χ2 test confirms significant differences in the
earned income distribution between households with and without good health
(χ2 test p.value = 0.00).

10Work documenting the change in labour supply as a result of changes in household-level health is
discussed in detail in the introduction (Coile, 2004; Siegel, 2006; Stabile et al., 2006; Garcı́a-Gómez et al.,
2013; Braakmann, 2014; Jeon and Pohl, 2017; Fadlon and Nielsen, 2021; Riekhoff and Vaalavuo, 2021).
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Finally, Table 2.10 focuses on small sub-sample of households identified as being at
risk of needing intra-household care. We find that coverage expansion significantly
boosts income both at the extensive margin with 18 p.p. more likely to report positive
income and the intensive margins with an almost uniform effect across all members of
that group irrespective of their level of income. Such effects are also consistent with
increased household supply, whereby household members, as a result of OHP can
take up employment and increase their household income.

Extensive Margin Intensive Margin
Linear 25th 40th 50th 60th 75th

OHP Standard 0.175** 10,259.1*** 12,848.3*** 12,889.5*** 13,766.0*** 10,482.8** 16,928.7***
(0.0822) (3,053.331) (4,204.1) (3,900.7) (4,036.6) (4,912.6) (4,863.1)

1st stage F-test 183.95 122.65
Observations 1,317 1,070

Notes: Households at increased risk of need of intra-household care are identified as those where at least half the
household members indicated that “went without prescription medication” because they could not physically get the
prescription or could not get to pharmacy. Estimations control for multiple lottery signups, household level age, sex,
ethnicity, number of children and number of adults. Extensive margins are reported as marginal effects. Robust stan-
dard errors in parentheses. *** denotes p-value ≤ 0.01, ** denotes p-value ≤ 0.05, * denotes p-value ≤ 0.10

TABLE 2.10: Instrumental variable estimates of the effect of the Oregon health plan
expansion on household disposable income for households at increased risk of need

of intra-household care.

2.5 Discussion

Using the Oregon Health Insurance Experiment this paper estimates novel
heterogeneous treatment effects for disposable income, earned income and healthcare
expenditure. Quantile estimates of the effect of Medicaid coverage on disposable
income have a clear gradient across the income distribution, benefiting those at the left
hand side of the income distribution. Similarly, we find that those with higher health
expenditure also benefit more from coverage, while coverage expansion also leads to
increases in household earned income for those less well-off through increases in
household employment and improvements in household health. Overall, our findings
offer tentative evidence of a secondary redistributive pathway, specific to healthcare
provision and policies expanding publicly financed health coverage, which works in
parallel to findings of previous research on the public provision of private goods
(Besley and Coate, 1991; Glomm and Ravikumar, 1992; Bhattacharjee et al., 2017).

Grossman (1972)‘s theory of health and human capital offers the basic theory whereby
an expansion of healthcare coverage increases labour supply as health improves due
to the new healthcare access. Indeed our results suggest significant positive effect of
Medicaid coverage on the probability of at least one household member being
employed and offer evidence that such effect is likely channelled though
improvements in health. Yet, given that households in the lower end of the income



2.5. Discussion 37

distribution are less likely to have any employed household members and feature
worse health, heterogeneous effects of Medicaid coverage arise across the income
distribution. On the other hand the drop in households’ healthcare expenditures due
to the policy is intuitive and an intended consequence. To this effect, our estimates are
in line with expectations and findings in previous studies (Finkelstein et al., 2012;
Baicker et al., 2013). However, this paper goes a step further, and identifies a clear
gradient in the impact across the expenditure distribution. Once again, the effect for
those with the highest healthcare expenditures is of a larger magnitude than those
with the lowest healthcare expenditures.

At face value the estimates presented here seem at odds with Baicker et al. (2014).
However, difference in the level of analysis (i.e. household rather than individual
data) could be driving these differences. Unfortunately, we do not have access to the
individual level dataset to replicate the original analysis. Nevertheless, as an
approximate test, we split the sample to single- and multi-individual households and
estimate a model with the same outcome as Baicker et al., that being “any earnings”,
and this analysis is included in appendix Section 2.A.4. We confirm that for for single
individual households, OHP Standard has no significant effects on employment
whereas there are significant employment effects for multi-adult households. Indeed,
this also provides additional evidence in favour of our conclusion that Medicaid
expansion frees up household resources, rather than individual resources, so that
households can increase labour supply.

Tentatively, we offer suggestive evidence of publicly financed health insurance
reducing income inequality, which is empirical evidence in line with previous findings
of Bhattacharjee et al. (2017). However, as the OHIE relates to a limited low-income
sub-sample of the population, we caution against generalizations, albeit if anything
effects should be stronger when considering the whole income distribution. In
addition, findings are constrained by the local average treatment (LATE) interpretation
of the estimated coefficients, which concentrates on the impact of receiving Medicaid
for those that the lottery selection enabled them to receive Medicaid coverage. Not
only does this interpretation mean we are only able to make a claim regarding those
within the eligible range, but in addition we are not able to make a claim regarding
those that did not eventually receive coverage after winning the lottery.

When discussing our results in the context of income inequality, it is worth noting that
we do not consider general equilibrium effects. Specifically, redistribution arising
from the financing of public health coverage is not analysed in our paper and in this
context we have no means of doing so. The OHIE was financed through state budget
which had become substantial enough to cover a small proportion of the population,
and was not financed through an increase in tax revenues or similar. It has been
previously found that public provision of private goods has redistributive effects
through taxations (Besley and Coate, 1991). This paper serves as evidence of a
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secondary redistribution effect of publicly financed health coverage, alongside the tax
redistribution.

In conclusion, using the Oregon Health Insurance Experiment we to estimate the
heterogeneous treatment effects on disposable income, healthcare expenditures and
income. Findings tentatively suggest that publicly financed health insurance has
redistributive power by heterogeneously reducing healthcare costs and increasing
household income in favour of low income households, and this causal pathway is
separate to the previously studied redistribution through public financing and
taxation.
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2.A Appendix

The appendix of this paper includes several robustness checks, and additional results.
The first section considers the possibility that income is strategically misreported by
households to ensure that they remain within the eligibility criteria, and as a result
keep their Medicaid coverage. Then we present our main estimates, this time using
more standard estimation techniques, to show our findings are robust to estimation
method. Next we present employment results, but instead using the Zero and Six
month surveys to assess the temporal dynamics. The following section reports
estimates comparing the labour supply effects of single person households and
multiple person households are presented and discussed, so that we are able to
compare our results to those of Baicker et al. (2014). Finally, we present, once again,
our main results, this time using a simple transformation to change total
household-level outcomes to equalised measures.

2.A.1 Strategic Misreporting of Income

Given that in our setting there was an eligibility criteria, not only to receive Medicaid
coverage in the first instance but also to keep coverage, there may be a concern that
households strategically misreport their income to keep Medicaid coverage. We seek
to assess whether strategic misreporting is a concern in our setting, and whether this
invalidates our analysis.

Although we have no means of directly assessing misreporting, we would expect that
if strategic misreport was an issue in our setting we would observe large mass points
just below the eligibility cut-off. For the Oregon Health Insurance experiment the
income criteria for eligibility was that households had income below the federal
poverty line (Finkelstein et al., 2012), and therefore for one person households the
cutoff in 2009 was $10,830, for two persons was $14,570, three persons being $18,310
and for four person was $22,050 (Department of Health and Human Services, 2009).
We, therefore, present the distribution of income separately for household sizes of one
to four people, as well as the eligibility cut-off for the corresponding household size.
We show the income distribution of those that did not receive Medicaid coverage in
figure 2.A1 and the sample of individuals that received Medicaid coverage in figure
2.A2. The blue line represents the eligibility cutoff for each household size, and the red
line is a kernel density plot for each sample. It is also worth noting that those treated
with Medicaid coverage may have an incentive to misreport income, but those that
were not treated would have no incentive to misreport their income, as they could not
get coverage once the lotteries had been drawn.

If we compare figures 2.A1 and 2.A2 the first noticeable difference between the two is
that in the sample of those that received Medicaid there are far fewer households to
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the right hand side of the cut-off than in the sample of those that did not receive
Medicaid. Overall, there is also a decreasing number of individuals in each category
across the distribution. This is, of course, to be expected, given that it was a
requirement that those initially receiving Medicaid coverage met the eligibility
criteria. This in itself is not a concern, as we would expect the distribution of the
Medicaid coverage sample to have lower income than the non-selected sample
precisely because of the eligibility criteria. There are also large mass points at very low
income levels, and then again at the $10,000 to $17,500 range for all household sizes,
and this is present in both Medicaid recipient and non-recipient samples.

Further inspecting the distribution of Medicaid recipients, there are not any
substantially large mass-points just to the left of the eligibility cut-off, and no points
that do not conform to the overall trend. There are higher numbers of individuals to
the left of the cut-off, but this on the whole follows the trend of the data, and therefore
there does not appear to be substantial evidence of misreporting. The only case where
there is some evidence of a large mass-point just to the left of the cut-off is for single
person households. However if this is compared to the non-recipient distribution the
same mass exists for that sample too, and therefore we don’t believe there is
substantial evidence in favour of a hypothesis of strategic misreporting. We believe
that because we do not observe any large mass-points to the left of the eligibility
cutoffs, strategic misreporting of income is not a major concern, and therefore
supports the reliability of our results.

2.A.2 Alternative Estimation Method Robustness

Given that our choice of estimation technique may not be considered the standard
approach, in this section we estimate our main results using alternative estimation
techniques to ensure that our main results are robust to choice of estimator. In
addition, we show that the findings using a unconditional quantile regression (UQR)
are similar to the conditional quantile regression (CQR) estimates we present in the
main text.

2.A.2.1 Disposable Income and Out-of-pocket Medical Expenditures

Throughout the paper we use the two-stage Residual Inclusion Method (2SRI) for
estimating the instrumental variable quantile regressions. Although this method has
previously been used in combination with the quantile regression (Fang et al., 2009)
and provides provide consistent estimates for a broad class of non-linear models, like
those estimated in this paper (Terza et al., 2008b), it is not a standard approach to
estimating quantile regressions. Therefore, we estimate Quantile Treatment Effects
(IVQTE) estimates using Powell (2020b)’s generalized quantile regression (GQR).
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FIGURE 2.A1: Earned Income Distribution of Households that did not receive Medi-
caid coverage by Household Size

Note: The left most category are households with zero income, the second is $1 onwards to $2,500 and
then in intervals of $2,500, up until $50,000. The final category is greater than $50,000. Red line is the
kernel density estimate. Blue line indicates the 2009 Federal Poverty Line for the corresponding
household sizes (Department of Health and Human Services).

Aside from being a more typical approach to estimation, using Powell’s GQR to
estimate the IVQTE has an additional benefit. In this paper we are primarily interested
in the impact of receiving publicly financed health insurance on inequality. In other
words, we are asking whether receiving publicly financed health insurance impacts
different parts of the distribution differently. If there is an increase in income at the
lower end of the distribution and no effect at the top end of the distribution we have
found evidence of publicly financed health insurance reducing inequality. However, a
CQR estimator, like the 2SRI-quantile regression we use in the main text, does not
always provide this interpretation. Instead, the CQR provides the interpretation, in
this example, of the Medicaid expansion increasing the income of the lower end of the
conditional income distribution. Importantly the 20th percentile of the income
distribution does not necessarily correspond to the 20th percentile of the conditional
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FIGURE 2.A2: Distribution of earned income of Households that Received Medicaid
Coverage by Household Size

Note: The left most category are households with zero income, the second is $1 onwards to $2,500 and
then in intervals of $2,500, up until $50,000. The final category is greater than $50,000. Red line is the
kernel density estimate. Blue line indicates the 2009 Federal Poverty Line for the corresponding
household sizes (Department of Health and Human Services).

income distribution, which makes the interpretation more difficult. However, if the
data generating process is close to a parallel location shift (i.e. distribution is
maintained but is shifted equally for each percentile) for the additional covariates,
then the estimated treatment effect of the CQR is a consistent estimator for the UQR
(Borah and Basu, 2013).

When estimating the CQR using the 2SRI method, we find that our control variables
are relatively stable across quantiles, and therefore we believe the data generating
process is close to a parallel location shift. However, given that our estimate does not
explicitly estimate a UQR, to ensure that our interpretation is correct it seems
reasonable to use a methodology that does so. Therefore, our alternative estimation
method will be a UQR, and we will compare those results to the CQR estimates we
present in the main paper, to ensure we are correct in our interpretation.
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In this section, we therefore present estimates using Powell (2020b)’s GQR. The GQR
estimates unconditional quantile estimates, in the presence of an endogenous variable,
an instrument, and other covariates, as we have in this case. We therefore estimate the
GQR where receiving OHP Standard is our treatment variable, lottery selection as our
instrument, and we include the following proneness variables (variables used for
ensuring exogeneity while still estimating a UQR): lottery signups, household level
age, sex, ethnicity, number of children and number of adults. The estimates from the
GQR with disposable income as the outcome variable are presented in Table 2.A1 and
those with total healthcare expenditures are presented in Table 2.A2.

For disposable income, the overall pattern is the same, however estimates are
substantially larger than for the 2SRI method. We, once again, have large significant
effects for the 25th and 40th quantile estimates, however in this case the 40th quantile
estimates are larger than for the 25th quantile. There is also evidence of an increase in
disposable income at the 60th percentile, which we did not find in the 2SRI method,
however the magnitude is substantially smaller than the estimates to the left of the
median.

Comparing the out-of-pocket expenditures GQR estimates to the 2SRI estimates, the
trend is broadly the same. The GQR estimates seem to be less precise than the 2SRI
estimates, however the magnitudes are similar. The only substantial deviations are the
25th and 50th quantiles, which are both much smaller in magnitude in the GQR and
are estimates less precisely. Overall, the GQR estimates show that the conclusions we
draw regarding the distributive power of Medicaid are robust to the choice of
specification, and show that our 2SRI estimates are close to the unconditional quantile
estimates.

Household Disposable Income
25th 40th 50th 60th 75th

OHP Standard 2795.8*** 4651.8** 790.6 1682.3** 1444.8
(81.5) (2344.3) (468.5) (831.7) (1345.8)

Observations 16670

Notes: Table presents Estimates of the Unconditional IV Quantile Treatment Effects (IVQTE), using Generalized Quan-
tile Regression (GQR), of the effect of the Oregon health plan expansion on household disposable income, using the
OHIE lottery as the instrument. Standard errors in parentheses. The proneness variables are multiple lottery signups,
household level age, sex, ethnicity, number of children and number of adults. The numerical optimisation is conducted
in two-steps: Grid-search method is used where the starting values are the 2SRI-quantile estimates, with a limit of 5,000
either side of those values. Then an adaptive MCMC optimisation procedure was used, with a Metropolis-within-Gibbs
sampler, 1,000,000 draws, a burn rate of 0.5, an acceptance rate of 0.44, and keeping every 10th draw. *** denotes p-value
≤ 0.01, ** denotes p-value ≤ 0.05, * denotes p-value ≤ 0.10

TABLE 2.A1: Estimates of the Unconditional IV Quantile Treatment Effects (IVQTE),
using Generalized Quantile Regression (GQR), of the effect of the Oregon health plan

expansion on household disposable income
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Total Out-of-Pocket Medical Expenditures
25th 40th 50th 60th 75th

OHP Standard 1.94* -134.7*** -82.4 -178.6* -294.3
(1.15) (23.4) (96.7) (98.0) (167.1)

Observations 9908

Notes: Table presents Estimates of the Unconditional IV Quantile Treatment Effects (IVQTE), using Generalized Quan-
tile Regression (GQR), of the effect of the Oregon health plan expansion on household out-of-pocket expenditures,
using the OHIE lottery as the instrument. Standard errors in parentheses. The proneness variables are multiple lottery
signups, household level age, sex, ethnicity, number of children and number of adults. The numerical optimisation is
conducted in two-steps: Grid-search method is used where the starting values are the 2SRI-quantile estimates, with a
limit of 5,000 either side of those values. Then an adaptive MCMC optimisation procedure was used, with a Metropolis-
within-Gibbs sampler, 1,000,000 draws, a burn rate of 0.5, an acceptance rate of 0.44, and keeping every 10th draw. ***

denotes p-value ≤ 0.01, ** denotes p-value ≤ 0.05, * denotes p-value ≤ 0.10

TABLE 2.A2: Estimates of the Unconditional IV Quantile Treatment Effects (IVQTE),
using Generalized Quantile Regression (GQR), of the effect of the Oregon health plan

expansion on total household out-of-pocket medical expenditures

2.A.2.2 Earned Income

For consistency, in the main text we also use the 2SRI quantile regression to estimate
the distributional impacts on earned income, however, again, this may not be
considered the most conventional approach. Given that we have categorical data for
household income, a more conventional approach to estimating the distributional
effects may be to estimate ordered probit models, therefore in this section we estimate
those to ensure our findings are robust to the choice of estimator.

The IV ordered probit estimator we use is described as follows. The first stage:

OHP Standardi = δ1Lottery Selectioni + δ2Xi + ui (2.6)

where Lottery Seclectioni is a binary variable denoting 1 if the household was selected
in the lottery and 0 if they did not, and OHP Standardi is a binary variable denoting 1
if the household received OHP standard and 0 if they did not. Xi denotes the same set
of control used in the main text.

The second stage is subsequently specified as an ordered probit model:

P(Yi > j) = Φ
(

β1,j ̂OHP Standardi + β2,jXi

)
(2.7)

Where Yi denotes earned income, and j denotes the income categories, which takes
one of 21 values, $0, $1 and then in intervals of $2,500, up until $48,751.

̂OHP Standardi is the predicted probability of receiving OHP Standard, predicted
using the first stage in Equation 2.6.
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The marginal effects of this estimator are presented in Figure 2.A3. The black dot
represents the marginal effect of being in an income category greater than the
corresponding value on the x-axis (j from Equation 2.7), with the bars representing the
95% confidence intervals.

These results broadly follow the results from the 2SRI quantile estimator in the main
text. Receiving Medicaid coverage increases the probability of being in income
categories greater than $0 through to $5001. However, the IV ordered probit estimates
also show a decreased probability of being in higher income categories for j values $
17,501 to $25,001. This deviates somewhat from the 2SRI Quantiles estimates in that
we don’t find this decrease in income. However, these results still show that there is a
redistributive effect in terms of earned income. Lower income categories show an
increase in their income, whereas the higher income categories do not have an increase
in their income. Overall, this shows that our results are robust to choice of estimator.

FIGURE 2.A3: IV Ordered Probit Model, estimating the distributional impacts of OHP
Standard on earned income

Note: IV Ordered Probit estimates of the impact of OHP Standard on earned income. Lottery selection is
used as the instrument for the treatment variable, whether received OHP Standard. Additional control
variables being: multiple lottery signups, household level age, sex, ethnicity, number of children and
number of adults. Dots are the marginal effects, and denote the probability of being in an income group
greater than the corresponding value on the x-axis. Bars represent the 95% confidence interval of the
marginal effects.
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2.A.3 Zero and Six Month Employment Estimates

In the main text we find significant and large estimates of the impact of Medicaid
coverage on labour supply. Findings such large and significant effects after just 12
month of receiving Medicaid may be surprising. Although the effect is theoretically
justified, the impact on labour supply may be expected to materialise over a longer
time-frame. Therefore, we present estimates using the zero and six month surveys to
provide insight into the temporal dynamics of the labour supply effects.

Our hypothesis is that when using the zero month survey we would find null effects
for labour supply. It should not be the case that labour supply changes are found
immediately post Medicaid coverage, and therefore analysing the zero-month survey
is akin to a falsification test. In relation to the six month survey, we would expect the
magnitude of the effects to be smaller than we find for the 12 month survey, as
changes may begin to materialise over that time-frame, but we would expect the full
effect to materialise over the longer term.

(a) Zero Month (Initial) Survey
Any Employment Employee Self-Employed Under 30 hours Over 20 hours Over 30 hours

OHP Standard 0.000380 0.0227 -0.0226* -0.00206 0.00133 0.00424
(0.0181) (0.0178) (0.0120) (0.0115) (0.0122) (0.0165)

1st stage F-test 5,903.67 5,901.55 5,901.55 5,906.42 5,906.42 5,906.42
Observations 20,339 20,327 20,327 20,474 20,474 20,474

(b) Six Month Survey
Any Employment Employee Self-Employed Under 30 hours Over 20 hours Over 30 hours

OHP Standard 0.0648 0.0240 0.0407 0.0503* -0.0220 0.0681*
(0.0432) (0.0421) (0.0299) (0.0294) (0.0289) (0.0389)

1st stage F-test 912.14 912.14 912.14 917.38 917.38 917.38
Observations 4,822 4,822 4,822 4,852 4,852 4,852

Notes: Estimations control for multiple lottery signups, household level age, sex, ethnicity, number of children and
number of adults. Extensive margins are reported as marginal effects. Robust standard errors in parentheses. ***

denotes p-value ≤ 0.01, ** denotes p-value ≤ 0.05, * denotes p-value ≤ 0.10

TABLE 2.A3: Instrumental variable estimates of the effect of the Oregon health plan
expansion on household income using Zero and Six Month Surveys

Using the same specification as in the main text, we present the impacts of Medicaid
coverage on labour supply. Table 2.A3 presents the estimates using the zero and six
month survey. As expected, and reassuringly, we find no significant impact on labour
supply in the zero month survey. However, we also find no effect in the six month
survey. This suggests that it takes between six and twelve months for these labour
supply effects to take effect and are not immediate.
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2.A.4 Single Person and Multiple Person Household Labour Supply
Effects

As discussed in the main text, on initial inspection our results may seem at odds with
the results of Baicker et al. (2014), who also use the Oregon Health Insurance
experiment to analyse the impact of Medicaid coverage on labour supply. Specifically,
they analyse the impact of Medicaid coverage on whether individual has any
earnings, the amount of earnings and earnings above the federal poverty line. They
find no evidence of Medicaid impacting any of these outcomes, whereas in our
analysis we find evidence suggesting that labour supply does increase. As mentioned
in the main text, the main difference in our analysis which explains these results is that
our analysis is conducted at the household-level, rather than the individual-level
which is the case for Baicker et al.’s analysis.

Given that we do not have access to the individual-level income data, we are unable to
exactly replicate Baicker et al.’s analysis, however as an as an approximate test, we
split the sample to single- and multi-adult households and estimate the impact on
whether the household as any earnings, as Baicker et al. do in their paper. The aim is
to, as closely as we can, replicate their findings showing a null effect of Medicaid
coverage on labour supply, which implies that there is no individual-level effect.

If our results are consistent with the findings of Baicker et al. then we expect there will
be a significant impact of any earnings when we analyse multi-person households
which will not be present when we analyse single person households. This would
suggest that there is an important household reallocation of resources which increases
household-level labour supply, which would not be found at the individual-level.

We estimate the following specification separately for single-person households and
for multi-person households separately, where the first stage is described by:

OHP Standardi = δ1Lottery Selectioni + δ2Xi + ui (2.8)

where OHP Standardi is a binary variable denoting 1 if the household received OHP
standard and 0 if they did not.

The second stage is subsequently specified as a probit model:

P(Yi > 0) = Φ
(

β1 ̂OHP Standardi + β2Xi

)
(2.9)

where Yi denotes household earnings, for household i. We use positive income as our
measure of labour supply for this analysis, as this is what is used by Baicker et al.
(2014). Lottery Selectioni is a binary variable equal to 1 if the household was selected
in the lottery to receive OHP Standard. Xi denotes a range of household level
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characteristics that the regression controls for, including average household age,
proportion of females in household, proportion of white household members,
proportion of black household members, proportion of Hispanic household members,
# of adults in the household, # of children (under 18) in the household, and whether
there were multiple lottery sign ups.

Positive Household Income
Single Adult Households Multi-Adult Households

OHP Standard 0.0417 0.0354∗∗

(0.0256) (0.0177)

1st stage F-test 1490.50 3245.39
Observations 5,140 13,293

Notes: Estimations control for multiple lottery signups, household level age, sex, ethnicity, number of children and
number of adults. Extensive margins are reported as marginal effects. Robust standard errors in parentheses. ***

denotes p-value ≤ 0.01, ** denotes p-value ≤ 0.05, * denotes p-value ≤ 0.10

TABLE 2.A4: Instrumental variable estimates of the effect of the Oregon health plan
expansion on household disposable income

Table 2.A4 presents the results for single- and multi-adult households. We find that
there is no significant impact of Medicaid coverage on any earnings for single person
households, whereas we do find a significant impact for multi-adult households.
These results show that our findings are not at odds with those of Baicker et al., but
rather, suggests that there is a household-level reallocation which leads to an increase
in employment and income, which is not present for adults living alone.

2.A.5 Per-capita Equivalisation Estimates

Throughout the paper we analyse the distributional effects at the household-level, and
although we control for household size throughout our analysis, we may wish to
instead analyse an equivalised measure of household-level. One concern is that when
estimating the heterogeneous impacts of Medicaid using household-level outcomes
that has not been equivalised, we may be inadvertently estimating heterogeneous
impacts by household size indirectly. Explaining this using an example, if (plausibly)
smaller households are disproportionately found at the lower end of the income
distribution, and it is only small households that are impacted by receiving Medicaid
we may observe similar quantile estimate as we present in the main text i.e. increase
in disposable income for the lower end of the distribution. We don’t believe this is a
major concern, and (as mentioned) we do control for household composition
throughout our analysis, however in this section we estimate the same results in the
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main text but using a simple equivalised measure, we do this to show that our
findings are robust to the way that household-size is handled in the analysis.

Rather than estimating the impact of Medicaid coverage on total household income, in
this section we transform the outcome variables, namely disposable income, medical
expenditure, and income, into per individual values. We use a simple transformation
of dividing the household income by the number of adults in the household.
Although this is not an ideal approach, as it clearly induces further measurement error
into our outcomes, which are already measured with error, it does provide a simple
interpretation of the impact of Medicaid coverage on per capita outcomes.

The estimates from the per-capita equivalisation are presented in Table 2.A5 and Table
2.A6. Once again, the pattern is the same as the results we present in the main text,
and they show that there is a gradient in the effect of Medicaid coverage which
favours the lower end of the distribution. As one would expect the magnitude of the
effects are smaller for the per capita measure than the household equivalents in the
main text. One deviation worth mentioning is that the 40th quantile estimate for
disposable income and earned income has a larger impact than the 25th percentile in
both cases. However, both the 25th and the 40th quantile estimates are larger than any
of the quantile estimates to their right and therefore the overall trend is preserved.

Household Disposable Income
Extensive Margin Intensive Margin

Linear 25th 40th 50th 60th 75th

Lottery Selection 0.0453*** 8.838 740.9*** 902.4*** 280.5 -267.2 -1263.6***
(0.0147) (293.3) (279.6) (309.4) (324.5) (358.6) (432.0)

1st stage F-test 4,729.40 3,487.04
Observations 18,433 15,184

Notes: Outcome measure are a simple transformation of dividing the original variable with the number of adults in
the household. Estimations control for multiple lottery signups, household level age, sex, ethnicity, number of children
and number of adults. Extensive margins are reported as marginal effects. Robust standard errors in parentheses. ***

denotes p-value ≤ 0.01, ** denotes p-value ≤ 0.05, * denotes p-value ≤ 0.10

TABLE 2.A5: Intention-to-treat estimates of the effect of lottery selection on per capita
household disposable income
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(a) Out-of-Pocket Expenditures
Extensive Margin Intensive Margin

Linear 25th 40th 50th 60th 75th

Doctors
OHP Standard -0.218*** 46.30 -9.563 -22.52 -0.236 -9.506 -60.92

(0.0194) (107.7) (16.49) (28.38) (34.70) (43.45) (87.15)

1st stage F-test 4,729.40 623.03
Observations 18,433 6,481

ER
OHP Standard -0.0518*** 435.7 18.34 49.91 21.60 62.26 252.8

(0.0116) (604.8) (102.6) (181.7) (284.6) (448.1) (820.1)

1st stage F-test 4,729.40 119.18
Observations 18,433 1,413

RX
OHP Standard -0.182*** -1.399 -12.70* -17.85 -18.25 -16.13 -12.57

(0.0199) (85.90) (7.707) (11.35) (17.82) (24.21) (38.28)

1st stage F-test 4,729.40 907.28
Observations 18,433 7,187

Other
OHP Standard -0.0342** -305.2* -8.237 -9.076 -13.37 -32.53 -112.2

(0.0138) (183.4) (20.19) (36.38) (40.37) (69.21) (160.8)

1st stage F-test 4,729.40 354.70
Observations 18,433 2,212

Total
OHP Standard -0.187*** -103.0 -37.21* -81.80*** -100.0** -129.4** -196.9

(0.0202) (167.6) (19.36) (30.41) (42.26) (62.54) (129.5)

1st stage F-test 4,729.40 1,261.03
Observations 18,433 9,020

(b) Earned Household Income
Extensive Margin Intensive Margin

Linear 25th 40th 50th 60th 75th

OHP Standard 0.0379*** 334.0 1,267.2*** 1,560.0*** 868.2** -311.3 -619.2
(0.0146) (333.3) (265.3) (408.8) (431.1) (422.0) (435.8)

1st stage F-test 4,729.40 3,346.92
Observations 18,433 15,449

Notes: Outcome measure are a simple transformation of dividing the original variable with the number of adults in
the household. Estimations control for multiple lottery signups, household level age, sex, ethnicity, number of children
and number of adults. Extensive margins are reported as marginal effects. Robust standard errors in parentheses. ***

denotes p-value ≤ 0.01, ** denotes p-value ≤ 0.05, * denotes p-value ≤ 0.10

TABLE 2.A6: Instrumental variable estimates of the effect of the Oregon health plan
expansion on per capita household out-of-pocket expenditures and household income
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Chapter 3

The direct and spillover effects of
diabetes diagnosis on lifestyle
behaviours

3.1 Introduction

There is substantial literature documenting a positive correlation in spousal
behaviours with much of the work focusing on smoking behaviour and alcohol
consumption (Christakis and Fowler, 2008; Falba and Sindelar, 2008). Similar strong
positive correlation of behaviour between spouses has also been reported for physical
activity Farrell and Shields (2002); Falba and Sindelar (2008) and diet (Macario and
Sorensen, 1998; Bove et al., 2003). However, such correlations extend beyond
behaviours alone with previous work reporting spousal correlation in mental and
physical health (Meyler et al., 2007; Di Castelnuovo et al., 2009). Three theories have
been put forward to understand the causal pathways of these strong empirical
correlations, namely: assortative matching, shared environment, and joint household
decision making (Clark and Etilé, 2006; Cutler and Glaeser, 2010; Chiappori et al.,
2012).

Assortative matching views partners’ characteristics and preferences as complements
which drive individuals to match with partners they share preferences and
characteristics with (Becker, 1973). In a shared environment partners make decisions
individually based on their preferences, but are constrained by shared resources and
exposed to common shocks, which give rise to observed correlated behaviours. An
epidemiological dimension is implicit whereby partners who share a common
environment are also exposed to common health risks factors. An additional channel
under this pathway relates to shared information. Partners not only share resources,
but also share information sets, by transferring information between each other, Clark
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and Etilé (2006) call this social learning. Common information sets mean that partners
also have similar expectations of future uncertainty and risk, and as a result make
similar behavioural choices (Khwaja et al., 2006). Finally, joint household production
leans on the theory of New Home Economics where households jointly produce goods
which enter individuals’ utility functions (Lancaster, 1966; Becker, 1981). Individuals
within the household bargain and as a result produce and consume some shared
output, implying a correlation both in behaviour and health. Payoffs from producing
and subsequently consuming a particular good is a function of own private payoffs,
and an externality from their partner consuming the same good. As with assortative
matching, if behaviours or specific consumption goods are complements, then
partners may choose to jointly produce and consume them, which results in empirical
correlations in consumption and behaviour.

The latter two of these theories suggest that if an individual was to have health
knowledge that would lead to curative or require preventative changes in behaviour,
then such changes would likely have a beneficial spillover onto their partner. Only a
handful of studies have explored such externalities in the context of health. Fadlon
and Nielsen (2019) analyse the spillover effects on an extended network of individuals
as a result of fatal and non-fatal heart attacks. They find significant and persistent
increases in statin consumption of spouses, children and co-workers of individuals
who had a non-fatal heart attack, and offer evidence in support of both learning new
health information, and salience explaining the estimated effect. Fletcher and
Marksteiner (2017) use experimental data to estimate spillover effects of smoking
cessation therapy program and alcoholism treatments. They find significant impact in
both behaviours and their experimental design can reasonably preclude a matching in
the marriage market explanation. However, their results are at odds with the
conclusions by Clark and Etilé (2006) who show that social learning and household
decision making play a minor role in explaining raw correlations between partners.
Once controlling for individual random effects smoking behaviours are statistically
independent between partners, suggesting that all spousal correlation in smoking
behaviour is the result of correlations in the individuals’ effects, which Clark and Etilé
interpret as evidence of assortative matching. Finally, Janssen and Parslow (2021)
examine the presence of spillover effects within a household when looking at the
impact of pregnancy on alcohol consumption. Pregnancy persistently reduces
household alcohol consumption with reductions in purchasing of both beer and wine.
Given that males are the prominent beer drinkers in the United States, the authors
interpret this as evidence in favour of a spillover effect from females onto males in the
household.

In this paper we investigate the effect of diabetes on individual and partner’ lifestyle
behaviours, namely physical activity, diet, alcohol and smoking consumption. These
lifestyle behaviours are well established risk factors of non-communicable diseases
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(Willi et al., 2007; Ezzati and Riboli, 2012, 2013) and constitute the first line of
treatment of diabetes (WHO, 2016). Using blood sample data from the Health Survey
for England (HSE) dataset we exploit a seemingly arbitrary cut-off of diabetes risk and
through a fuzzy regression kink design we causally estimate the impact of own
diabetes on own behaviour, as well as, the effects of own diabetes status on partners’
behaviour. The identification strategy allows us to exclude assortative matching as a
causal pathway, while through mediation analysis we decompose the spillover effect
into its shared environment and joint household production contributions. Finally, we
present falsification tests over multiple health outcomes that would not be expected to
be impacted by diabetes status. Further, in the appendix of this paper, we explore
three sources of heterogeneity over observables. First, we test whether own behaviour
changes as a function of living with a spouse or not. Second, we use time since
diabetes diagnosis to examine differential impact on own and partner lifestyle
outcomes, which, in the absence of panel data, approximates long-term effects or
recidivism to pre-diagnosis behaviours. Third, we assess whether there are observable
heterogeneities by individual education.

Briefly, we find significant effects of diabetes diagnosis on own physical activity and
smoking, while partners’ of individuals with a diabetes diagnosis also increase their
physical activity and decrease their probability of currently being a smoker. Spillover
effects are mostly driven by partner’s behaviour and less so by the partner’s diabetic
status. We find almost no evidence of heterogeneity of the effect of own or partner
diabetes on behaviour by presence of partner in the household, time since diagnosis or
education. All of our falsification tests support our identification strategy and provide
evidence towards the robustness of the results.

We contribute to the literature in a number of ways. First, we provide evidence within
the household economics literature that observed correlated partners’ health
behaviours are not limited to assortative matching, but that social learning and joint
household decision making are important components of the observed correlation.
Indeed, we contribute to the household economics literature, and find empirical
evidence of the joint household decision making theory in a health context. Second,
we contribute to the existing literature on diabetes, by causally estimating the
behavioural responses of a diabetes diagnosis (Hut and Oster, 2018; Oster, 2018; Kim
et al., 2019). This is related to how these behaviours are determined and influenced, as
well as to individuals’ compliance with first line treatments for diabetes. Our results
suggest that individuals with diabetes comply with some treatments and that this
behavioural change is persistent over time. Our results are of particular importance to
health policy makers, as the evidence for substantial positive spillover effects from
diabetes diagnoses potentially suggests additional health benefits that are currently
not accounted for in the evaluation of health care policies in this area. Finally, we
contribute to a new and growing literature on health-related spillover effects by
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analysing the effects of a health shock on lifestyle behaviours commonly
acknowledged as important risk factors of non-communicable diseases.

This paper is organised as follows, first we offer background for the context and
premise of the paper, specifically, we discuss diabetes in detail, noting the institutional
setting as well as previous literature in this area. Second, we present the theory and
literature on spousal correlation and how such theories fit in our setting. Third, we
present the data and move onto our identification and estimation strategy. Then, we
present our results and validate the identifying assumptions. Finally, we discuss our
findings, and place them within a wider context.

3.2 Background

3.2.1 Diabetes

The World Health Organization (WHO) defines diabetes as “a chronic, metabolic
disease characterized by elevated levels of blood glucose (or blood sugar), which leads
over time to serious damage to the heart, blood vessels, eyes, kidneys, and nerves”
(WHO). Diabetes is classified into two types, type 1 and type 2. Of the 4.7 million
people with diabetes in the UK, approximately 8% have type 1, which occurs when
insulin production in the body is limited (Diabetes UK, 2019). Although there is
limited understanding on its causes, diet or lifestyle are not known to have any impact
on the probability of having or developing type 1 diabetes. Type 2 diabetes affects
approximately 90% of those with diabetes, and occurs when the body becomes
resistant to insulin and is usually found to be a result of poor diet and lifestyle
(Helmrich et al., 1991; Hu et al., 2001).

Glycated haemoglobin (HbA1c) refers to the amount of haemoglobin (i.e. protein
within red blood cells) which has been “glycated”. This occurs when the body
processes sugar, and glucose in the blood then attaches to haemoglobin proteins. The
red blood cells which contain the haemoglobin proteins usually survive for between 8
and 12 weeks, and therefore HbA1c is considered to be an average blood sugar level
over the previous three months. HbA1c is considered a useful measure in the
diagnosis of diabetes, in that it provides an indication of blood sugar level over a
longer duration.1

The World Health Organisation recommends an HbA1c of 6.5% as the cut-off point for
diagnosing diabetes, while stating that values below 6.5% do not exclude a diabetes
diagnosis (WHO, 2011). Levels below 6% are considered normal blood sugar levels

1An alternative measure, blood glucose level, is the concentration of sugar in the blood at a single point
in time and is highly variable within individuals, and more dependent on very recent consumption than
persistent behaviour.
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and therefore low-risk, while levels between 6% and 6.5% are considered at high risk
of becoming diabetic, also called pre-diabetes. However, while the link between
HbA1c and the probability to develop diabetes is well-established, the choice of
specific cut-off for diabetes and pre-diabetes are relatively arbitrary.2 Nevertheless,
although pre-diabetes usually has no symptoms, NICE3 recommends that “for people
at high risk (a high risk score and fasting plasma glucose of 5.5 - 6.9 mmol/l, or HbA1c
of 42 - 47 mmol/mol [6.0 - 6.4%]), offer a blood test at least once a year (preferably
using the same type of test). Also offer to assess their weight or BMI.” NICE (2012).

Therefore, individuals who have been found to be pre-diabetic and at high risk of type
2 diabetes have a significantly higher probability of being diagnosed with diabetes
simply as a result of being subject to annual assessment of their HbA1c level. On the
other hand, individuals just below the threshold of 6.0%, while having similar
probability of actually having diabetes as those just above the threshold, have a much
lower probability of being diagnosed as a result of them not being annually tested, as
per the NICE guidelines.

Our analysis focuses on the impact of a diabetes diagnosis on risk-factors commonly
associated with non-communicable diseases. Clinical recommendations regarding
such risk-factors are clear and well-known to the general population, rendering a
priori expectation of the effects straightforward. Namely increasing physical activity
and vegetables consumption and decreasing tobacco and alcohol consumption
mitigate the risk of developing diabetes and are important first-line treatments of the
disease (WHO). On the contrary, while the health benefits of fruit are well established,
recommendations on fruit consumption for diabetic patients is somewhat ambiguous
and possibly misunderstood by the general population 4 making a priori expectations
unclear.

2Yudkin and Montori (2014) state that “glycaemia are continuous, with no inflections to provide obvi-
ous cut-off points. Cut-offs for the diagnosis of diabetes are based on thresholds for risk of retinopathy.
Lesser degrees of hyperglycaemia increase the risk of developing diabetes and maybe arterial disease. But
in both cases the risk is graded, making any choice of cut-off point purely arbitrary.” This claim is also
supported by NICE (2011, 2012)

3The National Institute for Health and Care Excellence (NICE) is an executive non-departmental public
body of the Department of Health which publishes guidelines for clinical practice and the use of healthcare
technologies in the National Health Service.

4On one hand, experts encourage fruit consumption due to their low energy density, and high content
of vitamins, minerals, phytochemicals and dietary fibre. On the other hand, others argue that fruit should
be limited due to the high carbohydrate content which raises blood sugar, which is problematic in those
with diabetes (Forouhi et al., 2018). NHS advice states that those with diabetes should “eat a wide range
of foods - including fruit”, the advice also states that individuals should “keep sugar, fat and salt to a
minimum” (NHS, 2018), which can potentially cause confusion due to the high sugar content of fruit.
Indeed, there are a number of ongoing campaigns to resolve understanding of the guidelines (Diabetes
UK). However, confusion is present both among healthcare professionals and patients with 25% and 57%,
respectively, stating that “fresh fruit can be eaten freely with little effect on blood glucose levels” (Speight
and Bradley, 2001). Forouhi et al. (2018) state that “consumption of fruits should be guided within the
overall dietary pattern of an individual, their taste and other preferences and by their glycaemic control
and need for antidiabetic medication, supported by healthcare professionals”.
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3.2.2 Spousal Correlation

As discussed in Section 3.1, there is theoretical justification for the presence of a
spillover effect from one of the partners being diagnosed with diabetes. Firstly, a
diabetes diagnosis transfers health information to the patient both in relation to their
own health state (i.e. diagnosis of the disease) and to the disease itself (i.e. causes and
consequences of diabetes). Social learning implies that this knowledge would be
passed on from patient to partner and having the same information set each partner
updates their expectations of future risk and uncertainties. Whether this new
information promotes behavioural changes is dependent on idiosyncratic preferences,
structural determinants of health and their information set pre-diagnosis (Orphanides
and Zervos, 1995). However, if an individual has a preference for health but they were
not, previously, fully informed of the risks of diabetes, we would expect the newly
acquired information to result in a reduction in the probability or level of engaging in
risky health behaviours.

For the health information causal channel, the effect on partners’ behaviours is
independent of the observed behaviours of the diabetic individual post-diagnosis. The
partner privately re-evaluates and makes new utility maximising decisions based on
their new information set that was transferred to them by their partners (Cutler and
Glaeser, 2010), but based on their own idiosyncratic preferences. Although the
information set would be shared between partners, their preferences are not identical,
and therefore realised behaviours are not perfectly correlated. The magnitude of this
effect is moderated by the information set pre-diagnosis. Partners in possession of
realistic expectations of the risks of diabetes pre-diagnosis would not substantially
change their expectations and would require smaller adjustments to their behaviour
as a result of the new information. The claim here being that individuals’ preferences
remain stable, but the expectation of uncertain events is updated.

Secondly, if a diabetes diagnosis changes the optimal consumption of health-related
activities of the diabetic individual, through the updated information channel
discussed above, we can also expect it to impact the production and consumption
decisions of the other productive household members (i.e. partners) through joint
household decision making (Becker, 1973, 1981). For instance, post-diagnosis, physical
activity may have higher expected payoff for the diabetic partner. A non-diabetic
partner with strong preference for joint time consumption (Jenkins and Osberg, 2004)
may choose to participate in physical activity even if they gain relatively less utility
from physical activity per se compared to other household production activities (Cutler
and Glaeser, 2010). However, a positive spillover is not necessarily always the case5

5Presence of a non-compliant to treatment diabetic partner or a stronger dislike for physical activity
than preference for joint time consumption for the non-diabetic parter could also explain explain minimal
behavioural change for the non-diabetic partner.
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making the effect of a diabetes diagnosis through this causal channel, while still
possible, somewhat more ambiguous.

Finally, assortative matching on diabetes diagnosis would imply that individuals
actively seek partners with diabetes (even if they themselves are not diabetic) and
would also require diagnosis to happen pre-match. Hence, it is less likely that
assortative matching is the driving force behind our findings. What is possible,
however, is that individuals match based on behaviours which may impact the cause
of diabetes. For instance, individuals sharing a dislike for physical activity or
preference for smoking match in the marriage market, these individuals are more
likely to be diagnosed with diabetes precisely as a result of the shared preferences. In
such case, partners’ diabetes status would be endogenous. However, this is not the
causal effect we estimate in the present paper and our identification strategy
minimizes the possibility that our estimates are the result of assortative matching.

3.3 Data

The paper uses data from the Health Survey for England (HSE) for years 2003 to 2015.
HSE is an annual cross sectional dataset aiming to monitor trends in national health.
More than 9,000 addresses are sampled over the course of the calendar year. Within
each household, all individuals are eligible for survey inclusion, however children
under 15 years old are asked to complete a different survey. In addition to the
individual questionnaire, all respondents are eligible for a nurse visit, in which
individuals’ physical measurements and a blood sample are taken. Once taken, the
blood sample is sent to a specialist laboratory to measure among others, glycated
haemoglobin (HbA1c). Although 82.4% of individuals (across all years) agreed to be
contacted for a nurse visit, only 34.7% of the full sample had blood samples taken for
analysis. Of the 56,245 individuals who had blood taken in the survey, 53,450
individuals had valid HbA1c measurements 6.

Our selection of outcomes analysed (i.e. physical activity, diet, tobacco and alcohol)
focus on behaviours that have all been shown to cause diabetes, and have been
outlined as a first line treatment for managing and treating diabetes (WHO, 2016).
Physical exercise is taken as the response to “any exercise done in the last four weeks”.
Information relating to diet in the HSE is limited, however we use two relevant
variables, “whether consumed any vegetables yesterday” and “whether consumed
any fruit yesterday”, while smoking and drinking behaviour are captured by
“whether currently a smoker” and “whether currently a drinker” excluding those that

6A change in calibration of the equipment used for analysis HbA1c was made in 19th of September
2013, which resulted in a slight change in result for equivalent blood samples. Throughout the analysis
we use “valid HbA1c result”, as recommend in the Health Survey for England documentation, which
adjusts the results post-2013 to be equivalent to pre-2013 results for the same blood samples.
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are never smokers or drinkers, respectively. As measures of behaviours, these
measures are limited and crude, neverthless they should provide insight into the
response of individuals to a diabetes diagnosis, the spillover effect, and the channels
in which this effect works.

Table 3.1 provides descriptive statistics of the data used in the analysis. The first
column provides means and standard deviations of a number of observable
characteristics and stated health-related behaviours for the entire HSE sample,
including those that did not have blood measurements taken. In subsequent columns
we give summary statistics of the sub-sample of individuals who did have blood
taken for analysis and whose data is used in our estimations. We break descriptive
statistics into those with measured HbA1c levels below and above the 6.0% cut-off.
The right-most columns in the table are descriptive statistics of the sub-sample of
individuals who have HbA1c results in the data and additionally have partners living
in their household with HbA1c results in the data. These are also separately broken
down into HbA1c levels below and above 6.0%.

HSE Adult Sample Blood Sample Blood and Partner Sample

All Below Kink Above Kink All Below Kink Above Kink

Observable Characteristics
Age† 49.52 51.53 49.11 63.91 51.95 50.04 62.19

(18.72) (17.63) (17.29) (13.66) (15.19) (14.84) (12.75)
Males 0.45 0.46 0.45 0.49 0.48 0.47 0.56

(0.50) (0.50) (0.50) (0.50) (0.50) (0.50) (0.50)
Any Qualifications 0.74 0.76 0.8 0.58 0.78 0.81 0.62

(0.44) (0.43) (0.40) (0.49) (0.42) (0.39) (0.48)
Degree level education 0.20 0.22 0.23 0.13 0.24 0.25 0.15

(0.40) (0.41) (0.42) (0.34) (0.42) (0.43) (0.35)
Partner living in household 0.64 0.67 0.67 0.64 – – –

(0.48) (0.47) (0.47) (0.48)
Household Size† 2.69 2.59 2.68 2.16 2.90 2.96 2.57

(1.39) (1.32) (1.34) (1.15) (1.17) (1.18) (1.05)
Employed 0.60 0.61 0.65 0.37 0.67 0.71 0.43

(0.49) (0.49) (0.48) (0.48) (0.47) (0.45) (0.50)
Equivalised Income† 30,457.38 31,732.89 32,834.61 25,894.29 33,227.54 34,392.52 26,659.59

(27,527.94) (27,879.07) (28,212.34) (25,253.62) (26,157.03) (26,439.76) (23,445.57)
Self-assessed general health (1 = Very Good, 5 = Very Poor) 2.04 1.98 1.89 2.43 1.93 1.85 2.36

(0.95) (0.91) (0.87) (1.00) (0.87) (0.83) (0.97
Glycated Hemoglobin (HbA1c) – 5.61 5.39 6.73 5.60 5.39 6.72

(0.75) (0.33) (1.17) (0.73) (0.32) (1.16)

Stated Behaviours
Physical Activity † 0.44 0.46 0.5 0.26 0.46 0.48 0.27

(0.50) (0.50) (0.50) (0.44) (0.50) (0.50) (0.44)
Vegetable Consumption 0.53 0.53 0.53 0.54 0.54 0.54 0.55

(0.50) (0.50) (0.50) (0.50) (0.50) (0.50) (0.50)
Fruit Consumption 0.61 0.62 0.61 0.67 0.63 0.63 0.67

(0.49) (0.48) (0.49) (0.47) (0.48) (0.48) (0.47)
Currently a drinker 0.85 0.89 0.90 0.82 0.90 0.91 0.84

(0.36) (0.32) (0.30) (0.38) (0.30) (0.29) (0.37)
Currently a smoker 0.21 0.19 0.19 0.18 0.16 0.16 0.16

(0.40) (0.39) (0.39) (0.38) (0.37) (0.36) (0.37)
Ever a drinker 0.90 0.93 0.94 0.90 0.94 0.94 0.91

(0.30) (0.25) (0.24) (0.29) (0.24) (0.23) (0.29)
Ever a smoker 0.58 0.59 0.58 0.63 0.58 0.57 0.62

(0.49) (0.49) (0.49) (0.48) (0.49) (0.50) (0.49)

Number of Observations 121,849 53,146 44,448 8,698 32,910 27,740 5,170

Table shows the mean and, in parentheses, the standard deviation of observable characteristics and stated behaviours. The HSE adult sample column shows
the descriptive statistics for the entire Health Survey for England sample whom have a full set of non-missing observations for our control variables, including
those that did not have valid HbA1c measurements. The blood sample column shows only the sub-sample of individuals whom we have valid HbA1c
measurements for. Blood and Partner sample represents the sub-sample of individuals who had both valid HbA1c measurements and that we were able to
identify partners in the Health Survey for England. Below kink columns represent the sub-sample of individuals with HbA1c levels below 6.0%, and above
kink columns represent the sun-sample of individuals with HbA1c levels above 6.0%.
† denotes variables which were not available to us for all years of the survey, and therefore the true number of observations used to calculate them are less

than the number of observations denoted at the bottom of the table.

TABLE 3.1: Descriptive Statistics

The Blood and Partners sample is substantially smaller than the Blood Sample. Not all
individuals included in the blood sample have partners, and not all partners that
responded had valid HbA1c measurements, therefore we would expect and indeed
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observe fewer observations for this sample. Variables marked with a † in Table 3.1,
denote variables that they were not asked in every year of the survey, and therefore
the number of observations for these variables are smaller than the total number of
observations given at the bottom of the table. One example is physical activity, which
was not surveyed in all years but only in 2003, 2004, 2006, 2008, 2012. This is also true
for household size and equivalized income, but for different years.

It is worth noting that in our sample, individuals who have ever been diagnosed as
diabetic were, on average, diagnosed 10.06 years ago (standard deviation of 10.46).
Therefore our results are not interpreted as the immediate effect of a diabetes
diagnosis, unlike previous studies that observe behavioural responses in a short-time
frame post-diagnosis (Hut and Oster, 2018; Oster, 2018; Kim et al., 2019). These
studies use a panel data structure and observe the pre-diagnosis period, and a short
time frame post diagnosis, up to four years in Kim et al.’s setting. Because on average
we observe individuals who were diagnosed in the distant past, our Marginal
Treatment Effect (MTE) is more akin to the long-term effect of a diabetes diagnosis.
This additionally allows us to investigate the temporal effects over a longer
time-frame than previous studies, and indeed we do analyse these temporal effects.
We note, however that our identification strategy is not invalidated by such data
structure and we present it in detail in the following section.

3.4 Identification Strategy

The aim of this paper is to estimate the causal impact of own or partner’s diabetes
diagnosis on a variety of health related lifestyle behaviours, specifically, tobacco and
alcohol consumption, physical activity and diet. This relationship can be described by
the following equation:

Yi = θ0 + θ1EverDi + θ2EverDj + ei (3.1)

where Yi denotes the health related lifestyle behaviour of interest and EverDi denotes
whether individual i has ever been diagnosed with diabetes, and EverDj denotes
whether the partner of individual i, person j, has ever been diagnosed with diabetes.
A naive OLS of this form, using survey data, would most likely provide biased
estimates of both θ1 and θ2.

The first and possibly most salient source of bias is simultaneity. It is possible that
individuals with diabetes may display behaviour damaging to their health compared
to those without diabetes. Such correlation, however, ignores that these individuals
would have been diagnosed as having diabetes precisely because they behaved in this
damaging way. Indeed, the causes of type 2 diabetes are poor lifestyle factors
(Helmrich et al., 1991; Hu et al., 2001). However, the fact that lifestyle is often
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determined by environmental and socio-economic factors, this channel further
incorporates omitted determinants of behaviours. A second source of endogeneity
that would bias least squares estimation of θ2 in equation (3.1) is matching in the
marriage market (Dupuy and Galichon, 2014). Individuals selectively marry along
similar traits and therefore ignoring this channel through a naive estimation will again
bias estimates of the spillover effect.

In the following section we will present our approach to estimating the impact of a
diabetes diagnosis on own behaviours, handling the simultaneity bias. Then, in
section 3.4.2, we will present our identification strategy for estimating the unbiased
spillover effect of own diabetes diagnosis on partner’s behaviour.

3.4.1 Regression Kink Design

To identify the causal effect of diabetes diagnosis on health-related behaviours, we
utilise a regression kink design (RKD), where the kink is a slope change in the
treatment probability of a binary treatment variable. Figure (3.1) motivates the use of
the RKD within this setting. As shown, there is an increasing but consistently low
probability of ever being diagnosed with diabetes when plotted against HbA1c, until
the kink point of 6%7, at which point there is a dramatic increase in the slope of the
probability of being diagnosed. As discussed in Section 3.2.1, NHS recommends that
individuals with a glycated hemoglobin (HbA1c) level above 6% are offered annual
blood tests to monitor their blood sugar levels, and to diagnose diabetes as early as
possible. The initial test could be for a variety of reasons, sometimes as part of a
regular check up offered by the NHS, or if an individual shows symptoms that
warrant a blood test. It is worth emphasising that such precise kink in the probability
of a diabetes diagnosis is not supported in the medical sense as Yudkin and Montori
(2014) explicitly explain that an inflection point of diabetes risk does not indeed exist,
meaning that the assignment of diabetes risk is arbitrary. We will use this arbitrary
threshold of 6% as an exogenous threshold to identify the effect of diabetes diagnosis
on behaviour. The intuition is that individuals just below the 6% threshold are
virtually identical in terms of actual diabetes risk as those just above the 6% threshold.
However, despite a very similar baseline risk, those just above the 6% threshold are
increasingly likely to have been diagnosed with diabetes given the NHS
recommendation.

Dong (2011) provides the theoretical framework for identification in our setting,
whereby the RKD identifies the causal effect of a binary treatment when there is no
discontinuity in the probability of treatment but rather a kink. When the policy rule is
implemented with some error (i.e. the kink is not deterministic) a fuzzy RKD design

7We explore the possibility of an alternative jump or kink point in the appendix section 3.A.5, by testing
the fit of alternative kink/jump-points and specifications.
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NOTE: Mean of the probability of ever being diagnosed with diabetes per bin. Bin width of 0.1 for
glycated hemoglobin levels between 4 and 10. Quadratic fit is separately estimated for the left and right
hand sides of the kink. Red line represents the kink point, where glycated hemoglobin is a value of 6.0.

FIGURE 3.1: Probability of Diabetes Diagnosis by HbA1c Level

can be implemented (Card et al., 2015). A fuzzy RKD combines the RKD with a
two-stage least squares (2SLS) specification. The first stage identifies the effect of the
kink on the probability of treatment:

EverDi = γ0 + γ1(xi − k)Di +

[
p∗

∑
p=1

ν−p (xi − k)p

]
+

[
p∗

∑
p=2

ν+p (xi − k)pDi

]
+ ξi (3.2)

where EverDi is a binary variable taking the value of one for individual i if they have
ever been diagnosed with diabetes, and zero otherwise. xi denotes the running
variable, which is HbA1c level in this case, and k is the kink point of 6%.
Di = 1(xi ≥ k), is an indicator variable, taking the value of one if the individual’s
level of HbA1c is above the kink point, and where (xi − k)Di is the excluded
instrument for the fuzzy RKD. p∗ denotes the highest order of polynomial used in the
regressions, ν−p and ν+p are the estimates of the polynomial function below and above
the kink point, respectively.
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We then estimate the following second stage regression where the the kink is used as
an instrument for the binary treatment, whether ever diagnosed with diabetes:

Yi = β0 + β1ÊverDi +

[
p∗

∑
p=1

α−p (xi − k)p

]
+

[
p∗

∑
p=2

α+
p (xi − k)pDi

]
+ εi (3.3)

where Yi denotes the health related behavioural outcome of interest. ÊverDi is the
predicted probability, from the first stage, of ever being diagnosed with diabetes,
while again the terms in the square brackets denote the polynomial function below
and above the kink point. In line with Gelman and Imbens (2019), the main analysis
uses quadratic polynomial specifications to estimate effects, while linear specifications
are also reported in sensitivity tests. Under the assumptions outlined by Dong (2011)
and Card et al. (2015) (see section 3.5 for details), the coefficient β1 can be interpreted
as the unbiased Marginal Treatment Effect (MTE) of ever having been diagnosed with
diabetes.

Identification comes from the exogenous variation that the kink provides in the
probability of diabetes diagnosis. This relies on the assumption that those just to the
left of the kink are almost identical to those just to the right of the kink and it was
random variation that resulted in them falling either side of the kink-point. Given that
in the dataset diabetes diagnosis is predetermined (i.e. past diagnosis), yet HbA1c is
contemporaneous, this potentially creates confusion over identification but does not
invalidate it.

The fact that individuals to the left of the 6% cut-off may have received a past diabetes
diagnosis and others to the right of 6% may not have had a diagnosis 8 suggests that
we do not have a strictly deterministic function of diabetes diagnosis by HbA1c level
but a kinked function (i.e. the change in the probability of diagnosis around the
cut-off) driven by a policy rule. There is no medical reason for this kink in the diabetes
probability, and most individuals are not even aware of their HbA1c level.

8There are individuals to the right of the kink-point that are not diagnosed with diabetes, and indeed
being to the right does not strictly increase their probability of being diagnosed with diabetes. These
individuals can be thought of as never-takers. Being to the right of the kink-point does not increase their
probability of being diagnosed. Various explanations could be offered for this, the most salient being
individuals who never engage with the healthcare system, regardless of their health outcomes, or who
refuse blood tests. Correspondingly, there are individuals who are to the left of the kink-point and yet
have been diagnosed with diabetes. Firstly, being to the left of the cut-off does not strictly eliminate the
probability that an individual is diagnosed with diabetes, these individuals also face a small probability
that they were diagnosed with diabetes. These individuals can be thought of as always takers and not
defiers. Although these individuals have a diabetes diagnosis, being to the left does not make them defiers,
and they do not per se violate the monotonicity assumption. It is implausible that we have defiers in our
setting. A defier in our setting would need to have a decreasing probability of ever being diagnosed
with diabetes due to being to the right of the cut-off, which does not seem reasonable. In other words,
being to the left of the kink-point leads to a higher probability of ever being diagnosed with diabetes than
being to the right of the kink point, which seems implausible. An individual may have a positive diabetes
diagnosis, however, being to the right of the kink would always increase this probability.
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It is this exogeneous kink that identification rests upon, and not HbA1c per se, or an
individual’s place in the HbA1c distribution. Past and present lifestyle behaviours can
both be correlated and impacting HbA1c (this would certainly be expected as a result
of diabetes treatment) but are all unable to precisely affect HbA1c location around the
kink-point (Dong, 2011).

Hence, exogeneity would require that kinks around the cut-off would not be expected
for lifestyle behaviours and, by implication, any kink in behaviours would be driven
by the kinked probability of diabetes diagnosis. Such assumption (i.e. kinks not being
present in the structural outcome equation) is, by and large, innocuous as there is no
reason why the kink in HbA1c should directly impact behaviour. On the contrary, the
running variable HbA1c may be reasonably included in the structural outcome
equation, however inclusion of the kink itself is hard to justify intuitively. Rather, the
kink has a predictive effect on diabetes diagnosis, hence its relevant as an instrument.
The kink can only plausibly impact behaviours through its effect on probability of
diabetes diagnosis.

As with regression discontinuity designs (RDD) there is a bias-variance trade-off to be
made when selecting the estimation sample. A narrow bandwidth around the kink
point will reduce the chances of misspecification error, given that around the
kink-point the functional form is likely to be closer to linear. However smaller
samples will not have sufficient power to reject a false null hypothesis because of the
larger variance in the estimates. Large samples will improve precision of the estimates
but will also increase the chances that the functional form is misspecified, therefore
increasing the risk of bias (Cattaneo et al., 2020). In our data we observe HbA1c
measurements to one decimal place, and therefore we have data which looks more
discrete in nature around the cut-off. For this reason, we limit our polynomial
specification to a quadratic, to ensure we are not over-fitting to our data. In addition,
we choose a bandwidth that is relatively large so that we have sufficient power to
reject a false null hypothesis.

However, to ensure that our results are robust, we transparently present a number of
alternative specifications and bandwidths in sensitivity tests. Given the few
observations of individuals who have been diagnosed as having diabetes on the right
hand side of the kink-point, we increase that bandwidth and keep the left-hand side
bandwidth much narrower where small sample size is less of a problem (i.e.
asymmetric bandwidths). Our main set of results, uses a bandwidth of 4.0% on the
right hand side of the cut-off and 2.0% on the left hand side (i.e. HbA1c values of 4%
to 10% are included in the estimation sample).

To improve precision and reduce bias of our estimates (Imbens and Lemieux, 2008) we
additionally include the following covariates in our estimating equation: a gender
dummy, a continuous age variable, we also include a binary indicator of whether
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individual has degree level education, and a binary indicator denoting whether a
partner lives in the household.

3.4.2 Partner’s Diabetes Status

To handle the endogeneity in the effect of partner’s diabetes diagnosis on own
behaviour, we adapt the previous setup by using the partner’s kink as an instrument
for partner’s probability of being diagnosed with diabetes. The first stage of the 2SLS
is specified as

EverDj = λ0 + λ1(xj − k)Dj +

[
p∗

∑
p=1

ρ−p (xj − k)p

]
+

[
p∗

∑
p=2

ρ+p (xj − k)pDj

]
+ ui (3.4)

where j denotes the partner, EverDj is whether partner has ever been diagnosed with
diabetes, and xj denotes the partners HbA1c level. The second stage estimating the
causal relationship is

Yi = δ0 + δ1ÊverDj +

[
p∗

∑
p=1

τ−p (xj − k)p

]
+

[
p∗

∑
p=2

τ+
p (xj − k)pDj

]
+ ε i (3.5)

Once again, Yi denotes the health related behavioural outcome of interest. ÊverDj is
the predicted probability, from the first stage, of partner ever being diagnosed with
diabetes, while again the terms in the square brackets denote the polynomial function
below and above the kink point. As discussed previously, causal identification
requires reasonable bandwidths either side of the kink-point. Using the same
bandwidths for partners as for own, the estimation sample is reduced as it is restricted
to those who have partners, and those partners have HbA1c levels within the
bandwidths. As previously, the same set of covariates for both i and j (excluding
whether partner lives in the household) are included in the regression.

We interpret these results to be a spillover effect, and exclude the possibility that our
estimates are the result of assortative matching. To exclude assortative matching, we
require that matching does not happen based on being either side of the kink-point. It
is certainly possible to assume that individuals match based on their relative position
in the HbA1c distribution, or some unobservable variable correlated with HbA1c, and
indeed, doing so does not violate the identifying assumption, however it seems less
plausible that individuals would specifically match based on being just either side of
the kink-point. For matching to explain our estimates, it would require individuals to
be aware enough of their own HbA1c level at the time of matching, and to selectively
match based on being either side of the arbitrary kink-point. Given that most
individuals are not aware of their own HbA1c for this to be possible, and there
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appears to be no underlying incentive to match based on this arbitrary threshold, it
seems implausible that assortative matching would be affecting our estimates.

3.5 Validity of identifying assumptions

For RKD estimates to be considered the MTE of diabetes diagnosis, two observable
implications must hold (Card et al., 2015). The first relates to the smooth density of the
assignment variable and empirically tests the assumption of no deterministic sorting.
The second relates to the lack of discountinuity or kinks in the pre-determined
covariates and tests the assumption that the marginal effect of the assignment variable
on the outcome is smooth.

3.5.1 Smooth density of the assignment variable

The smooth density of the assignment variable implies no discontinuity in its density
(an assumption similar to that required for RDD settings) but additionally for the RKD
case, requires the lack of a kink in its density. While one’s position in the distribution
can be coarsely influenced by changes in diet and other health behaviours, the value
of HbA1c is not able to be manipulated precisely as would be required for it to exhibit
a kink or discontinuity at the threshold given Yudkin and Montori (2014). However,
this observable implication of the RKD assumptions is testable, and therefore we do so
to ensure that this assumption does hold in our context.

McCrary (2008) provides a test for deterministic sorting for continuous assignment
variables but ignores the stronger version of the assumption requiring no kink. There
are two important considerations for testing this assumption in our setting. The first
issue that we face is that the McCrary test is designed with continuous assignment
variables in mind, however in our data HbA1c levels are rounded to the nearest 0.1.
The discrete nature of our assignment variable can lead to both size and power issues
if we were to use the McCrary test. Therefore, instead we use the Frandsen (2017) test
for manipulation when the assignment variable is discrete.

The second consideration is that the tests proposed by both McCrary (2008) and
Frandsen (2017) do not claim to explicitly test the stronger assumption of no jump or
kink in the density of the assignment variable, required for the RKD. However, the
Frandsen (2017) test allows the user to choose a degree of departure from linearity
which is tolerated, by choosing the value of the bound coefficient k. A choice of k = 0
implies a null hypothesis of linearity and an alternative hypothesis of non-linearity
around the threshold (i.e. jump or kink), which would mean that our assumption of
smooth density fails. As a result, we set the bound coefficient to equal zero and report
the p-value of this test.
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Figure 3.2 presents graphically the density of the assignment variable by HbA1c. The
density is neither uniform nor entirely smooth across the entire range of HbA1c levels,
however it is clear that there is no graphical evidence of either a jump or a kink in the
density at the kink point of 6% (red vertical line). The graph also shows the p-value
from the Frandsen (2017) test, which is unable to reject the null of linearity across the
threshold suggesting that the first identifying principle for our RKD holds. Such
findings are not particularly surprising, given that by nature HbA1c is extremely
difficult to exactly manipulate and influence around the threshold.

FIGURE 3.2: Smooth Density of the Assignment Variable

NOTE: Number of observations per bin. Bin width of 0.1 for glycated hemoglobin levels between 4 and
10. Graph also shows Frandsen (2017) discontinuity statistic.

3.5.2 Predetermined Variables

This assumption is similar to the “test of random assignment” commonly required in
randomized control trials. As above, this observable implication is more restrictive
than the equivalent RDD implication as in addition to the lack of any discontinuity it
also requires the lack of any kink in the pre-determined variables. We assess whether
the observable assumption holds in our setting by visual inspection and graphically
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present the mean values per bin by the assignment variable for a number of
predetermined variables.

Card et al. (2015) make clear this observable implication relies on the existence of a set
of variables which, by definition, are not determined by the treatment. As such, we are
somewhat limited in terms of the variables available at our disposal for testing. HSE is
a cross-sectional study and most survey questions refer to specific points in time
without eliciting information about the past, and in the cases where they do, it is
unknown if such information relates to periods prior or post treatment. However, we
examine a number of relevant variables, namely age, gender, self-reported health,
whether individual has degree level education, whether the individual has any
educational qualifications 9, whether a partner lives in the household, whether ever a
smoker and whether ever a drinker.

Graphical results are given in Figure 3.3. There is no evidence of clear discontinuities
or kinks at the kink point for any of the variables presented here, validating our
second necessary assumption and suggesting that interpretation of the results of the
RKD as MTEs is valid.

3.6 Main estimation results

3.6.1 Effect of own diagnosis

Table 3.2 presents estimates of the effect of own diabetes diagnosis on own behaviour.
The relevance of the kink as an instrument for ever being diagnosed with diabetes is
given in the first stage coefficients available in appendix table 3.A1 with results
suggesting a highly statistically positive significant effect of the kink on probability of
being diagnosed with diabetes. The first row of Table 3.2 gives the coefficient β1 from
equation (3.3). We find that being diagnosed with diabetes significantly increases the
probability of having done some physical activity in the last four weeks and
significantly reduces the probability of currently being a smoker. We find no evidence
to suggest an impact on consumption of fruit or vegetable, and there is no evidence to
suggest that diabetes diagnosis changes drinking behaviour. 10

9Any qualification corresponds to a long list of education qualifications surveyed in the HSE, which
include (but not limited to) degree education, high school and professional qualifications (i.e. teaching,
nursing, vocational).

10In addition to the estimates presented, Figure 3.A21 in the Appendix shows the reduced form
quadratic prediction graphically imposed over the mean outcomes per bin for HbAqc levels, where the

reduced form estimates are from Yi = χ0 + χ1(xi − k)Di +
[
∑

p∗
p=1 ψ−p (xi − k)p

]
+
[
∑

p∗
p=2 ψ+

p (xi − k)pDi

]
+

µi. The graphs show similar results to the 2SLS estimated with physical activity having the clearest slope
change around the kink point, whereas fruit, smoking and alcohol consumption show a far more subtle
changes in slope.



68
Chapter 3. The direct and spillover effects of diabetes diagnosis on lifestyle

behaviours

FIGURE 3.3: Predetermined variables

NOTE: Graphical representation of the mean of each predetermined variable by glycated hemoglobin
(HbA1c) level. Each graph shows the mean of the predetermined variable per bin, with a bin width of
0.1. 95% confidence intervals are represented by the blue lines. Predetermined variables included are
gender, ethnicity, degree level education, any qualifications, whether a partner lives in the household,
whether ever a smoker, whether ever a drinker and age. Red line represents the kink point of 6.0 %.

3.6.1.1 Sensitivity to alternative bandwidths and polynomials

To assess the sensitivity of results to alternative specifications and bandwidths we
explore a series of robustness graphs in appendix figures 3.A1 to 3.A5. Graphs show
the point estimate, β1, and the corresponding 90% and 95% confidence interval, from
equation 3.3, estimated using 2SLS for each Yi outcome of the main analysis.
Specifications vary by polynomial order (i.e. linear or quadratic) and the selected
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Exercise
Vegetable Fruit Currently a Currently a

Consumption Consumption Smoker drinker

OLS Estimates
Effect of Own Diabetes -0.0978∗∗∗ -0.0009 0.0405∗∗∗ -0.0403∗∗∗ -0.0671∗∗∗

(0.0090) (0.0073) (0.0069) (0.0074) (0.0048)

Obs. 42,407 82,070 82,130 47,427 82,828

RKD Estimates
Effect of Own Diabetes 0.203∗∗∗ 0.0376 0.0650 -0.414∗∗∗ 0.00843

(0.0688) (0.0480) (0.0454) (0.0562) (0.0248)

First Stage F− Statistic 562.06 1505.81 1505.49 932.48 1546.82

Obs. 20641 39666 23432 44828 41686

Notes: RKD coefficients are estimated using a quadratic specification each side of the kink point, equally weighted observations, and with bounds of 4.0 on the
right hand tail, and 2.0 on the left hand side for panels. Parentheses includes cluster-robust standard errors, clustered at the household level. Each specification
includes the following controls: Age, and dummies for whether individual i is male, a partner lives in the household, and has degree level education. OLS
coefficients estimated using equation Yi = θ0 + θ1EverDi + θ2Wi + ei , they include all observations in sample, and the same controls Wi as the RKD estimates.
*** denotes P-value of 0.01 or less , ** denotes P-value of 0.05 or less, * denotes P-value of 0.10 or less

TABLE 3.2: Fuzzy RKD estimates of change in own behaviour as a result own diabetes
diagnosis

bandwidths for above and below the cutoff (bounds of the estimation sample). The
upper bound describes the relative bandwidth above the kink point with the lower
bound being the corresponding bandwidth below the kink point, (i.e. a lower bound
of 2 corresponds to a HbA1c value of 4%, a bandwidth of 2% below the kink-point of
6%. An upper bound of 3 corresponds to a HbA1c value of 9%, a bandwidth of 3%
above the kink-point).

Inspecting Figure 3.A1, for physical activity, across all specifications point estimates
are above zero and in almost all cases confidence intervals exclude zero. Overall,
results seem robust with physical activity estimates not being overly sensitive to
specification chosen.

Vegetable consumption and fruit consumption estimates in Figures 3.A2 and 3.A3,
respectively, follow a similar pattern to one another. For quadratic specifications the
estimates are both close to zero in magnitude, and have a relatively tight confidence
interval which includes zero in almost every case. However, for both fruit and
vegetable the linear specifications seem to have a positive and significant effect. We
are cautious in claiming that an effect exists for either outcome, given that our main
specification, a quadratic polynomial, supports a null effect, and that significance of
these estimates are clearly specification dependent. We therefore conservatively claim
lack of evidence of an effect of diabetes on vegetable or fruit consumption.

Findings for smoking behaviour, Figure 3.A4, are similar to those of physical activity
with point estimates varying little across specifications and all specifications featuring
tight confidence intervals excluding zero. Estimates from a quadratic specification
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appear to be very robust and all sitting within a small interval around -0.3 also with
tight confidence intervals.

Finally, alternative specifications for the effect of diabetes diagnosis on alcohol
consumption are presented in Figure 3.A5. Almost all specifications have confidence
intervals which include zero and are also tightly bounded around zero, especially for
our preferred specifications with a quadratic polynomial.

3.6.2 Spillover effect

The spillover estimates as a result of partners’ diabetes diagnosis, i.e. parameter δ1 in
eq. 3.5, are presented in Table 3.3. In this case, partner’s kink is used as an instrument
for partner diabetes diagnosis and its relevance is given in the first stage estimates
implying very good identification properties. 2SLS estimates are presented in first
row, with findings suggesting very similar patterns to those of own diabetes
diagnosis11. Specifically, we find significant positive effects for exercising in the past
four weeks and significant negative effects for currently being smoker, in the former
the magnitude is similar to that of the effect of own diagnosis and about half as large
for the latter. There is some suggestive evidence of a change in fruit consumption,
however these results are not robust when we look at the sensitivity to alternative
specifications.

3.6.2.1 Sensitivity to alternative bandwidths and polynomials

We additionally assess the sensitivity of our spillover estimates in appendix figures
3.A6 to 3.A10. Broadly these figures follow similar patterns to those for the effect of
own diabetes diagnosis. One point of difference is that confidence intervals for
spillover effects are substantially larger than those for own behaviour. This is to be
expected given differences in the estimation sample sizes between spillover and own
effects. Indeed, we find that large confidence intervals are especially present in
specifications with narrow bandwidths or higher order polynomials, and therefore
power might be of concern in these cases. Nevertheless, the pattern for figures 3.A6 to
3.A10 follow a similar pattern to the effect on own, and indeed the results for physical
activity, and smoking do not appear to be sensitive to specification and the majority of
specifications are significantly different from zero.

11Reduced form RKD estimates from Yi = χ0 + χ1(xi − k)Di +
[
∑

p∗
p=1 ψ−p (xi − k)p

]
+[

∑
p∗
p=2 ψ+

p (xi − k)pDi

]
+ µi are plotted in Table 3.A22 in the Appendix. Physical activity once again

exhibits the most prominent slope change, with little evidence of a slope change elsewhere.
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Exercise
Vegetable Fruit Currently a Currently a

Consumption Consumption Smoker drinker

OLS Estimates
Partner’s Diabetes -0.116∗∗∗ -0.0154 -0.0140 0.0155 -0.0260∗∗∗

(0.0122) (0.0103) (0.00978) (0.0110) (0.00564)
Observations 19589 37789 37800 21064 38165

RKD Estimates
Partner’s Diabetes 0.235∗∗ 0.0166 -0.0907 -0.227∗∗∗ 0.0372

(0.0967) (0.0666) (0.0626) (0.0738) (0.0315)

First Stage F− Statistic 281.56 758.24 758.54 433.05 771.09

Obs. 10581 20013 20015 11313 20941

Notes: Coefficients are estimated using a quadratic specification each side of the kink point, equally weighted observations, and with bounds of 4.0 on the
right hand tail, and 2.0 on the left hand side. Parentheses includes cluster-robust standard errors, clustered at the household level. Each specification includes
the following controls: Age, and dummies for whether individual i is male, and has degree level education. Additionally these estimates include the same set
of controls for individual j. OLS coefficients estimated using equation Yi = θ0 + θ1EverDj + θ2Wi + θ3Wj + ei , they include all observations in sample, and

the same controls (Wi and Wj) as the RKD estimates. *** denotes P-value of 0.01 or less , ** denotes P-value of 0.05 or less, * denotes P-value of 0.10 or less

TABLE 3.3: Fuzzy RKD estimates of change in own behaviour as a result of partner’s
diabetes diagnosis

3.7 Robustness checks

3.7.1 Simultaneous Own and Partner’s diabetes status

Having obtained evidence for the consistency of the RKD estimations in our setting we
pursue sensitivity issues and examine the robustness of the effect of own and partner
diabetes diagnoses on own behaviour when both effects are simultaneously identified
and estimated. In this specification own and partners’ kinks are used as instruments
for own and partners’ probability of being diagnosed diabetic. Two separate first stage
estimations are required, one equation for own, z = i, and one for partner, z = j.

EverDz = η0 + η1(xi− k)Di + η2(xj− k)Dj +

[
p∗

∑
p=1

χ−p (xi − k)p

]
+

[
p∗

∑
p=2

χ+
p (xi − k)pDi

]

+

[
p∗

∑
p=1

ζ−p (xj − k)p

]
+

[
p∗

∑
p=2

ζ+p (xj − k)pDj

]
+ qz (3.6)
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Obtaining predicted probabilities for both equations, the second stage is
correspondingly defined as

Yi = κ0 + κ1ÊverDi + κ2ÊverDj +

[
p∗

∑
p=1

π−p (xi − k)p

]
+

[
p∗

∑
p=2

π+
p (xi − k)pDi

]

+

[
p∗

∑
p=1

φ−p (xj − k)p

]
+

[
p∗

∑
p=2

φ+
p (xj − k)pDj

]
+ ri (3.7)

Results are given in Table 3.4. Own diabetic diagnosis, increases the probability of
exercise, increases the probability of fruit consumption and decreases the probability
of currently smoking. Partner’s diagnosis also increases the probability of exercise,
however the effect for smoking behaviour is lost in these specifications.

Overall, findings confirm the main analysis albeit for some specifications significance
is reduced substantially. This is the result of smaller sample sizes and reduced
estimation power. We note that given the set-up, the relevant estimation sample only
includes those who have HbA1c levels within the bandwidths, have partners, and
those partners also have HbA1c levels within the bandwidths. Further, in support of
power issues as the reason behind lower significance levels, we note that comparisons
of the corresponding 2SLS estimates between tables 3.2, 3.3 and 3.4 suggest that for the
vast majority of models, coefficients magnitudes are comparable, and indeed are
almost identical for physical activity and smoking behaviour, but effects in table 3.4
are estimated with less precision and hence much higher standard errors.

3.7.2 Falsification Tests

As additional robustness checks, we present falsification tests, where we use the
identification strategy presented in section 3.4.1 to estimate the effect on several
outcomes which we a priori expect to be zero. Estimating a null effect in outcomes
which we do not expect to be effected by a diabetes diagnosis provides further
evidence that our identification strategy is valid and our estimated effects are not
spurious.

We analyse the effect on a set of three other medical outcomes, namely whether
individuals take: antibiotics, anti-depressants or statins. We, further, include one other
pre-determined variable, whether ever been in paid employment, to extend the
falsification checks beyond only medical outcomes. In addition, to check the
robustness of identification for disentangling own and spillover effects, we examine
the own and spillover effect of diabetes diagnosis on whether currently taking
anti-diabetic medication. In this case, we would expect to find a strong own effect, but
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Exercise
Vegetable Fruit Currently a Currently a

Consumption Consumption Smoker drinker

OLS Estimates
Own Diabetes -0.112∗∗∗ 0.00708 0.0364∗∗∗ -0.0312∗∗∗ -0.0625∗∗∗

(0.0118) (0.00981) (0.00939) (0.00976) (0.00632)

Partner’s Diabetes -0.107∗∗∗ -0.0157 -0.0163∗ 0.0170 -0.0225∗∗∗

(0.0120) (0.00983) (0.00957) (0.0109) (0.00550)

Obs. 19,456 37,497 37,508 20,903 37,898

RKD Estimates
Own Diabetes 0.214∗ 0.103 0.187∗∗ -0.358∗∗∗ 0.0753∗

(0.116) (0.0783) (0.0753) (0.0879) (0.0430)

Partner’s Diabetes 0.244∗∗ 0.0508 -0.121 -0.201∗∗ 0.0453
(0.121) (0.0782) (0.0745) (0.0928) (0.0379)

First Stage F− Statistic 41.01 156.99 156.99 144.60 168.56

Obs. 8064 15055 15055 8408 15871

Notes: Coefficients are estimated using a quadratic specification each side of the kink point, equally weighted observations, and with bounds of 6.0 on the
right hand tail, and 3.0 on the left hand side. Parentheses includes cluster-robust standard errors, clustered at the household level. Each specification includes
the following controls: Age, and dummies for whether individual i is male, and has degree level education. Additionally these estimates include the same set
of controls for individual j. OLS coefficients estimated using equation 3.1, they include all observations in sample, and the same controls as the RKD estimates.
*** denotes P-value of 0.01 or less , ** denotes P-value of 0.05 or less, * denotes P-value of 0.10 or less

TABLE 3.4: Fuzzy RKD estimates of change in own behaviour as a result of own and
partner’s diabetes diagnosis

no evidence of a spillover effect onto partners as partner’s diabetes diagnosis should
not per se increase probability of own receiving anti-diabetic medication.

Estimates of the effects on these outcomes are presented in Table 3.5, and, we
additionally present the same robustness graphs for our main estimates in appendix
figures 3.A11 - 3.A20. Firstly, as expected, we find clear evidence of an increase in
probability of taking anti-diabetic medication for own diabetes diagnosis but no
evidence of a spillover effect. In terms of our other estimates, reassuringly we find no
evidence of an effect on any of the outcomes used in the falsification tests. The
robustness graphs also support the results presented in Table 3.5, in almost all
specifications we estimate we find null effects, aside from the own effect on
antidiabetes medication, where there is clear significant effects across all
specifications. All in all, testing strongly supports our identification strategy.

3.8 Causal Pathways

As discussed in detail in section 3.2.2, the correlation between spouses can
theoretically be attributed to assortative matching, shared environment and joint
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Whether taking
Whether even

Anti-diabetic Antibiotic Anti-depressant
Statins

been in
medication medication medication paid employment

(a)
Effect of Own Diabetes 0.883∗∗∗ 0.000726 -0.00786 -0.0207∗ 0.0374

(0.0298) (0.0271) (0.0553) (0.0109) (0.0310)

First Stage F− Statistic 567.89 567.89 567.89 1432.29 965.46

Obs. 12138 12138 12138 34638 19546

(b)
Partner’s Diabetes 0.00881 0.0281 -0.0265 -0.000439 0.0694

(0.0717) (0.0292) (0.0691) (0.0138) (0.0431)

First Stage F− Statistic 292.62 292.62 292.62 708.54 468.66

Obs. 5604 5604 5604 16528 9833

Notes: Coefficients are estimated using a quadratic specification each side of the kink point, equally weighted observations, and with bounds of 4.0 on the
right hand tail, and 2.0 on the left hand side for panels (a) and (b). Parentheses includes cluster-robust standard errors, clustered at the household level.
Each specification includes the following controls: Age, and dummies for whether individual i is male, a partner lives in the household, and has degree level
education. Panel (b) additionally include the same set of controls for individual j, but excluding whether partner lives in the household. *** denotes P-value of
0.01 or less , ** denotes P-value of 0.05 or less, * denotes P-value of 0.10 or less

TABLE 3.5: Fuzzy RKD estimates of change in own behaviour as a result own and
partner’s

household decision making. Our identification strategy allows us to plausibly exclude
attributing spillover effects to assortative matching, which leaves us with two possible
channels. The results we present in Table 3.3 from estimating equation 3.5 are the
combined effect of these two pathways. In this section we seek to decompose spillover
effects, and assess the contribution of shared environment and joint household
production to the overall spillover effect. To do so we conduct a mediation analysis,
where we separately identify changes in own behaviour that are the result of partner’s
diagnosis (i.e. direct effect of diagnosis), and changes in own behaviour that are the
result of the induced change in partner’s behaviours (i.e. indirect effect), see Figure 3.4
for illustration.

To assess the direct and indirect effects in this setting a typical a mediation analysis
would estimate the following equations:

Yi = ϕT
M EverDi + eM (3.8)

Yj = ϕM
Y Yi + ϕT

Y EverDi + eY (3.9)

Where ϕT
M × ϕM

Y represents the indirect effect, or the effect of EverDi through the
mediator Yi, and ϕT

Y is the direct effect of the diagnosis on partner’s behaviour. In this
setting both Yi and EverDi are endogenous, but we only have a single instrument, that
being the kink in the fuzzy RKD framework. However, it is still possible to conduct a
mediation analysis given this restriction. Dippel et al. (2020) outline a framework for
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doing mediation analysis for cases with only one instrument. To do mediation
analysis in this setting we require just one additional assumption, which we believe is
reasonable in our setting, that being: “the confounding variable that jointly affects
EverDi and Yi is independent of the confounding variable that jointly causes Yi and
Yj” (Dippel et al., 2020). We present and discuss such assumption and its implications
below.

FIGURE 3.4: Causal Pathway of the spillover effect

NOTE: (xi − k)Di denotes the kink, which we use as the instrument in the fuzzy RKD specification.
EverDi is the diabetes status of individual i. Yi is the health-related behaviour of individual i, and Yj is
the health-related behaviour of individual j. The pathway EverDi → Yj is considered to be the direct
effect of individual i’s diabetes diagnosis on the behaviours of individual j. The pathway
EverDi → Yi → Yj is the indirect effect, where the diagnosis of i causes a change in j’s behaviours which
is the result of the induced change in i’s behaviours. In other words, the effect of the diagnosis EverDi on
Yj, through the mediator Yi.

To estimate the direct and indirect effects using a mediation model with one
instrument, we follow the approach outlined by (Dippel et al., 2020). We estimate the
following four equations:

EverDi = βZ
T (xi − k)Di + f (xi − k) + εT (3.10)

Yi = βT
M ÊverDi + f (xi − k) + εM (3.11)

Yi = γZ
M EverDi + γT

M (xi − k)Di + f (xi − k) + ξM (3.12)

Yj = βM
Y Ŷi + βT

Y EverDi + f (xi − k) + εY (3.13)

where EverDi is whether individual i has ever been diagnosed with diabetes, and
ÊverDi is the predicted probability from eq. 3.10. Yi denotes the health related
behavioural outcome of interest, and Ŷi is the predicted equivalent from 3.12. xi

denotes the running variable (HbA1c level), and k is the kink point of 6%.
Di = 1(xi ≥ k) is an indicator variable, taking the value of one if the individual’s level
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of HbA1c is above the kink point. f (x) represents the polynomial function used
throughout the analysis in this paper: (

[
∑

p∗
p=1 ν−p (xi − k)p

]
+
[
∑

p∗
p=2 ν+p (xi − k)pDi

]
).

βT
Y is the direct effect, and the indirect effect is βT

M × βM
Y . Equations (3.10) and (3.11)

are the same specifications as eqs. (3.2) and (3.3).

In addition to the usual exclusion restrictions for the instrument (i.e. the kink
(xi − k)Di) in the Yi and Yj outcome equations (see section 3.4.1), causal estimation of
direct and indirect effects, additionally requires that the confounder in Yi and Yj

outcome equations be independent. More formally, we require that εT⊥⊥ εY, which is
akin to stating that the confounding variable that jointly affects EverDi and Yi is
independent of the confounding variable that jointly causes Yi and Yj (Dippel et al.,
2020). The implication of this assumption is that an additional exclusion restriction is
required, such that our instrument can be used as an instrument for the mediator Yi

when conditioned on EverDi for the Yj outcome equation
((xi − k)Di ⊥⊥ Yj(Yi) | EverDi). It is important to note that this assumption does not
assume away the endogeneity of EverDi in the Yi outcome equation.

This identifying assumption is reasonable in our setting, as the unobserved
confounder which causes bias in the Yi outcome equation when estimating the impact
of EverDi, is different to the one that that causes the bias in Yi in the Yj outcome
equation. As discussed in Section 3.4, when estimating the effect of EverDi on Yi we
are concerned with bias arising from simultaneity, where those that behave in a more
damaging way for their health are more likely to receive a diabetes diagnosis.
Whereas when estimating the impact of Yi on Yj the source of bias is assortative
matching. However, one way in which this assumption may be violated is if own
diabetes diagnosis impacts partner’s behaviour through increasing the probability of
partner being diagnosed with diabetes. In other words, if own diabetes status impacts
partner’s diabetes status directly (not through any other channel) and it is this that
induces the changes in partner’s behaviour. If the spillover effect worked through this
channel we would expect the magnitude of the spillover effect to fall when controlling
for own and partner’s diabetes status in the same regression. However, as we show in
Section 3.7.1 the magnitude of the spillover effect is nearly identical making such
causal channel unlikely.

Testing the additional requirement that the instrument is relevant for the mediator Yi

when conditioned on EverDi, we present F-statistics for eq. (3.12) in table 3.6.
F-statistics values, as expected, are much smaller than for eq. 3.10, however, for the
two outcomes in which we find evidence of a spillover effect (physical activity and
tobacco consumption), they suggest our instrument is valid.

βT
Y is an estimate of the effect of change in partner j’s behaviour that is a result of

partner i’s diagnosis itself. We attribute this pathway to the health information causal
channel. In this case, the diabetes diagnosis of partner i has a “direct” effect on partner
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j’s behaviours. As a result of the diagnosis, partner i receives new health information,
possibly from a physician, about their diagnosed condition which they then share
with the non-diagnosed partner j. The transfer of information from partner i to j
therefore provides j with a new information set which they use to privately
re-evaluate their optimal behaviour. This informational transfer may induce a change
in partner j’s behaviour if the new health information changes expected future
payoffs. However, the magnitude of the effect is dependent on the pre-diagnosis
information set, as well as idiosyncratic preferences.

The indirect effect βT
M × βM

Y captures the change in own behaviour that is caused by
the induced change in partner’s behaviours. This effect is attributed to the joint
household decision making causal pathway. If jointly participating in these activities
are complements, that is behaviours co-move independent of diabetes status or new
health information, because individuals’ gain utility from jointly participating in these
behaviours, then it is reasonable to attribute the spillover to joint household decision
making. The complementarity of these behaviours induce a change in partner j’s
behaviours as a result of i’s diagnosis-induced behavioural change. This is clear in the
case of smoking behaviour, as we would expect that quitting tobacco would be more
difficult if another household member continued consuming tobacco. In terms of
physical activity, individual j may get utility or dis-utility from exercising, however
joint time with their partner may provide sufficient utility to render exercising a utility
increasing choice.

Table 3.6 provides estimates of the direct and indirect effects from the mediation
analysis. For physical activity and tobacco consumption we find that the spillover
effect is driven by partner’s behaviour Yi, and we find limited evidence that the
diagnosis itself is causing a change in behaviours of j. Results suggest that the
estimated spillover effect we find is the result of joint household production rather
than information sharing. For the remaining outcomes of vegetable consumption, fruit
consumption and currently being a drinker, similarly to the absence of total effects, we
find no evidence of direct or indirect effects.

3.9 Conclusion

Diabetes is a unique condition, in that a positive change in lifestyle and behaviour, is
both the first line treatment and the recommended method of preventing the disease.
By jointly partaking in diabetes treatment, partners of people with diabetes could
substantially benefit from their partners’ diabetes diagnosis. In this paper we estimate
the causal effect of own or partner’s diabetes status on own lifestyle behaviours,
namely exercising, eating habits, smoking and drinking. Exploiting national
guidelines around the levels of sugar in the blood and recommendation for annual
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Exercise
Vegetable Fruit Currently a Currently a

Consumption Consumption Smoker drinker

Total Effect 0.235∗∗ 0.017 -0.0901 -0.353∗∗∗ 0.032
(0.0967) (0.0667) (0.0626) (0.1052) (0.0307)

Direct Effect
Partner’s Diagnosis (EverDi) -0.040 -0.017 -0.017 -0.005 0.009

(0.0269) (0.0171) (0.0268) (0.0341) (0.0175)

Indirect Effect
Partner’s Behaviour (Yi) 0.275∗∗ 0.034 -0.073 -0.345∗∗ 0.023

(0.1278) (0.0648) (0.0953) (0.1409) (0.0329)

First Stage F− Statistic 281.56 758.28 758.58 432.79 771.12
Eq. 3.10: (xi − k)Di on EverDi

First Stage F− Statistic 12.28 0.63 4.64 14.14 2.39
Eq. 3.12: (xi − k)Di on Yi|EverDi

Obs. 10,581 20,011 20,013 7,004 20,286

Notes: The total effect corresponds to the coefficient δ1 from equation 3.5, albeit for a slightly smaller sample in some cases. The direct effect corresponds to βT
Y

in equation 3.13, and the indirect effect corresponds to βT
M × βM

Y in equations 3.11 and 3.13. Each stage is estimated using a quadratic specification each side of
the kink point, equally weighted observations, and with bounds of 4.0 on the right hand tail, and 2.0 on the left hand side. Parentheses includes cluster-robust
standard errors, clustered at the household level. All stages include the following controls: Age, and dummies for whether individual i is male, a partner lives
in the household, and has degree level education, as well as the same set of controls for individual j. *** denotes P-value of 0.01 or less , ** denotes P-value of
0.05 or less, * denotes P-value of 0.10 or less

TABLE 3.6: Total, Direct and Indirect Effect Estimates from Mediation Analysis

testing for those above a specific threshold, a fuzzy kink regression design is
implemented using data on blood samples and individual behaviours from the Health
Survey for England (HSE) dataset.

Findings show that individuals who have ever been diagnosed with diabetes
significantly increase their physical activity and reduce probability of currently being
a smoker, suggesting compliance with first line treatment guidelines for diabetes. In
analysis included in the appendix of this paper, we additionally find evidence of
persistence over time in the effect, given that we observe individuals, on average 10
years post their initial diabetes diagnosis, and find no evidence of a heterogeneous on
behaviours by time since diagnosis over time. Most importantly, we uncover
substantial spillover effects from diabetes diagnosis in the form of an increase in
physical activity and reduction in the probability of smoking for the partners of those
diagnosed with diabetes. Through our identification strategy such effects are likely to
be a combination of joint household decision making and health-related information
transfer between partners.

Comparing our results of the own effect to those of previous studies, our estimated
impact on diet differ to those of Hut and Oster (2018) and Oster (2018), and are
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somewhat at odds with the impact on physical activity estimated by Kim et al. (2019).
Hut and Oster estimated there to be significant and positive changes in diet
post-diagnosis, and found that increased fruit purchases was the fourth largest
contributor to these dietary changes. However, their results somewhat suggest that
the improvements in diet begin to fade over time. They also find that single-person
households do not significantly change their diet as a result of a diabetes diagnosis.
Finally, they find that individuals with college education or higher improve their diet
marginally more than the average as a result of a diagnosis. The findings of Oster
(2018) follow a similar pattern to the results of Hut and Oster, in that calories
purchased of fruit and vegetables both increase in the month post-diagnosis, however
once again, the effect appears to decrease over time, and between months 2-12
post-diagnosis there is no significant increase in calories purchased of fruit and
vegetables. Although our results do not directly confirm these studies we once again
note the difference in time-since-diagnosis between studies and suggest that our
findings largely follow the temporal pattern of those studies. Given that the average
time since diagnosis in our sample is over 10 years, and that Hut and Oster and Oster
both find decreasing effects over time, it might be expected that the effects reduce to
zero in the long-run. However, when we analyse the temporal effects for diet, we
again find no evidence that there are changes over time. Kim et al. finds there to be no
significant increase in physical activity as a result of a diabetes diagnosis in either the
short-run (1 or 2 years) or the long-run (3 or 4 years), whereas we find there to be both
a significant and persistent change in physical activity as a result of a diabetes
diagnosis.

Unfortunately, there are no studies to directly compare our estimated spillover effects
onto partners to, albeit our broader conclusions do concur with previous studies, with
the exception of Clark and Etilé (2006). Clark and Etilé found that the correlation
between partners’ smoking behaviour was driven mainly by matching in the marriage
market, whereas our findings, as well as those of Fletcher and Marksteiner (2017), find
there to be significant spillover effects in terms of smoking behaviour. In terms of
alcohol consumption, comparisons with Fletcher and Marksteiner are harder, given
that they investigate the own and spillover effects of alcoholism treatment, rather than
a diabetes diagnosis. Unlike Janssen and Parslow (2021), we find no evidence in
favour of a change in alcohol consumption as a result of the diabetes diagnosis,
however our results concur with theirs in that both studies find evidence of persistent
effects and evidence of a spillover effect in behaviours, albeit for different behaviours.
Finally, although again we cannot directly compare our results to Fadlon and Nielsen
(2019), both studies find significant health-related behavioural spillovers.

From a public health perspective, confirmation of long-term compliance of diabetics to
first line treatments and necessary lifestyle changes is reassuring, at least in relation to
physical activity and smoking. However, further work is required on how to induce
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behavioural changes in terms of diet and alcohol consumption in diabetic patients.
From a policy perspective, our findings suggest that benefit evaluation of diabetes
interventions needs to be revisited in the presence of substantial spill-over effects, as
their current benefit-cost ratio is likely to be substantially underestimated, especially
in relation to physical activity and smoking of partners, from a diabetes diagnosis.
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3.A Appendix

The appendices of this chapter present a number of robustness graphs and RKD plots,
which are discussed in the main text. As well as estimates of the first-stage of the
fuzzy RKD. We also present estimates of heterogenity in the impact of the own and
spillover effects of a diabetes diagnosis by observable characteristics, and also an
inspection of the kink-point location.

The robustness graphs show point estimates, 90% and 95% confidence intervals across
a variety of specifications all using the two-stage least squares estimation procedure
outlined in equations (3.2) and (3.3). Each point estimate shows the corresponding
specification underneath, where a black dot represents that it was estimated using that
polynomial, lower bound and upper bound. We estimate alternative specifications by:
the order of polynomial, the upper bound of the estimation sample, and the lower
bound of the estimation sample. All possible combinations are presented, none of
which are excluded from these figures. The white dot represents the main
specification which we present in our tables in the main text. The upper bound
describes the relative bandwidth above the kink point with the lower bound being the
corresponding bandwidth below the kink point, (i.e. a lower bound of 2 corresponds
to a HbA1c value of 4%, a bandwidth of 2% below the kink-point of 6%. An upper
bound of 3 corresponds to a HbA1c value of 9%, a bandwidth of 3% above the
kink-point).

Figures 3.A21 and 3.A22 show the reduced form quadratic prediction graphically
imposed over the mean outcomes per bin for HbAqc levels, where the reduced form
estimates are from
Yi = χ0 + χ1(xi − k)Di +

[
∑

p∗
p=1 ψ−p (xi − k)p

]
+
[
∑

p∗
p=2 ψ+

p (xi − k)pDi

]
+ µi.

3.A.1 First-Stage Estimates
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Exercise
Vegetable Fruit Currently a Currently a

Consumption Consumption Smoker drinker

Second-Stage
Effect of Own Diabetes 0.203∗∗∗ 0.0376 0.0650 -0.414∗∗∗ 0.00843

(0.0688) (0.0480) (0.0454) (0.0562) (0.0248)

First-Stage
(xi − k)Di 0.675∗∗∗ 0.738∗∗∗ 0.738∗∗∗ 0.700∗∗∗ 0.730∗∗∗

(0.0285) (0.0190) (0.0190) (0.0229) (0.0186)

First Stage F− Statistic 562.06 1505.81 1505.49 932.48 1546.82

Obs. 20641 39666 23432 44828 41686

Notes: RKD coefficients are estimated using a quadratic specification each side of the kink point, equally weighted observations, and with bounds of 4.0 on the
right hand tail, and 2.0 on the left hand side for panels. Parentheses includes cluster-robust standard errors, clustered at the household level. Each specification
includes the following controls: Age, and dummies for whether individual i is male, a partner lives in the household, and has degree level education. ***

denotes P-value of 0.01 or less , ** denotes P-value of 0.05 or less, * denotes P-value of 0.10 or less

TABLE 3.A1: First and Second-Stage Estimates of the Fuzzy RKD estimates of change
in own behaviour as a result of own diabetes diagnosis

Exercise
Vegetable Fruit Currently a Currently a

Consumption Consumption Smoker drinker

Second-Stage
Partner’s Diabetes 0.235∗∗ 0.0166 -0.0907 -0.227∗∗∗ 0.0372

(0.0967) (0.0666) (0.0626) (0.0738) (0.0315)

First-Stage
(xj − k)Dj 0.678∗∗∗ 0.743∗∗∗ 0.743∗∗∗ 0.735∗∗∗ 0.738∗∗∗

(0.0404) (0.0270) (0.0270) (0.0353) (0.0266)

First Stage F− Statistic 281.56 758.24 758.54 433.05 771.09

Obs. 10581 20013 20015 11313 20941

Notes: Coefficients are estimated using a quadratic specification each side of the kink point, equally weighted observations, and with bounds of 4.0 on the
right hand tail, and 2.0 on the left hand side. Parentheses includes cluster-robust standard errors, clustered at the household level. Each specification includes
the following controls: Age, and dummies for whether individual i is male, and has degree level education. Additionally these estimates include the same set
of controls for individual j. *** denotes P-value of 0.01 or less , ** denotes P-value of 0.05 or less, * denotes P-value of 0.10 or less

TABLE 3.A2: First and Second-Stage Estimates of the Fuzzy RKD estimates of change
in own behaviour as a result own, partner’s, own and partner’s diabetes diagnosis

3.A.2 Robustness Graphs
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Exercise
Vegetable Fruit Currently a Currently a

Consumption Consumption Smoker drinker

Second-Stage
Own Diabetes 0.214∗ 0.103 0.187∗∗ -0.358∗∗∗ 0.0753∗

(0.116) (0.0783) (0.0753) (0.0879) (0.0430)

Partner’s Diabetes 0.244∗∗ 0.0508 -0.121 -0.201∗∗ 0.0453
(0.121) (0.0782) (0.0745) (0.0928) (0.0379)

First-Stage
(xi − k)Di 0.525∗∗∗ 0.600∗∗∗ 0.600∗∗∗ 0.600∗∗∗ 0.595∗∗∗

(0.0402) (0.0274) (0.0274) (0.0330) (0.0263)

(xj − k)Dj 0.525∗∗∗ 0.600∗∗∗ 0.600∗∗∗ 0.597∗∗∗ 0.605∗∗∗

(0.0402) (0.0274) (0.0274) (0.0352) (0.0261)

First Stage F− Statistic 41.01 156.99 156.99 144.60 168.56

Obs. 8064 15055 15055 8408 15871

Notes: Coefficients are estimated using a quadratic specification each side of the kink point, equally weighted observations, and with bounds of 6.0 on the
right hand tail, and 3.0 on the left hand side. Parentheses includes cluster-robust standard errors, clustered at the household level. Each specification includes
the following controls: Age, and dummies for whether individual i is male, and has degree level education. Additionally these estimates include the same set
of controls for individual j. *** denotes P-value of 0.01 or less , ** denotes P-value of 0.05 or less, * denotes P-value of 0.10 or less

TABLE 3.A3: First and Second-Stage Estimates of the Fuzzy RKD estimates of change
in own behaviour as a result of own and partner’s diabetes diagnosis
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Whether taking
Whether even

Anti-diabetic Antibiotic Anti-depressant
Statins

been in
medication medication medication paid employment

Own Effect (a)

Second-Stage
Effect of Own Diabetes 0.883∗∗∗ 0.000726 -0.00786 -0.0207∗ 0.0374

(0.0298) (0.0271) (0.0553) (0.0109) (0.0310)

First-Stage
(xi − k)Di 0.776∗∗∗ 0.776∗∗∗ 0.776∗∗∗ 0.753∗∗∗ 0.747∗∗∗

(0.0325) (0.0325) (0.0325) (0.0199) (0.0240)

First Stage F− Statistic 567.89 567.89 567.89 1432.29 965.46

Obs. 12138 12138 12138 34638 19546

Spillover Effect (b)

Second-Stage
Partner’s Diabetes 0.00881 0.0281 -0.0265 -0.000439 0.0694

(0.0717) (0.0292) (0.0691) (0.0138) (0.0431)

First-Stage
(xj − k)Dj 0.826∗∗∗ 0.826∗∗∗ 0.826∗∗∗ 0.774∗∗∗ 0.749∗∗∗

(0.0483) (0.0483) (0.0483) (0.0291) (0.0346)

First Stage F− Statistic 292.62 292.62 292.62 708.54 468.66

Obs. 5604 5604 5604 16528 9833

Notes: Coefficients are estimated using a quadratic specification each side of the kink point, equally weighted observations, and with bounds of 4.0 on the
right hand tail, and 2.0 on the left hand side for panels (a) and (b). Parentheses includes cluster-robust standard errors, clustered at the household level.
Each specification includes the following controls: Age, and dummies for whether individual i is male, a partner lives in the household, and has degree level
education. Panel (b) additionally include the same set of controls for individual j, but excluding whether partner lives in the household. *** denotes P-value of
0.01 or less , ** denotes P-value of 0.05 or less, * denotes P-value of 0.10 or less

TABLE 3.A4: First and Second-Stage Estimates of the Fuzzy RKD estimates of change
in own behaviour as a result own and partner’s
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FIGURE 3.A1: Sensitivity to alternative bandwidths and polynomials - Physical Activity

NOTE: The figure shows point estimates, 90% and 95% confidence intervals across a variety of specifications all using the two-stage least squares estimation procedure
outlined in equations (3.2) and (3.3). Each point estimates shows the corresponding specification underneath, where a black dot represents that it was estimated using that
polynomial, lower bound and upper bound. We estimate alternative specifications by, the order of polynomial, the upper bound of the estimation sample, and the lower
bound of the estimation sample, and present all possible combinations, none of which are excluded from this figure. The white dot represents the main specification which
we present in our tables in the main text. We thank Peter Eibich, Uri Simonsohn and Hans H. Sievertsen for developing the idea and the code for this figure. Stata code is
available at https://github.com/hhsievertsen/speccurve.
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FIGURE 3.A2: Sensitivity to alternative bandwidths and polynomials - Vegetable Consumption

NOTE: The figure shows point estimates, 90% and 95% confidence intervals across a variety of specifications all using the two-stage least squares estimation procedure
outlined in equations (3.2) and (3.3). Each point estimates shows the corresponding specification underneath, where a black dot represents that it was estimated using that
polynomial, lower bound and upper bound. We estimate alternative specifications by, the order of polynomial, the upper bound of the estimation sample, and the lower
bound of the estimation sample, and present all possible combinations, none of which are excluded from this figure. The white dot represents the main specification which
we present in our tables in the main text. We thank Peter Eibich, Uri Simonsohn and Hans H. Sievertsen for developing the idea and the code for this figure. Stata code is
available at https://github.com/hhsievertsen/speccurve.
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FIGURE 3.A3: Sensitivity to alternative bandwidths and polynomials - Fruit Consumption

NOTE: The figure shows point estimates, 90% and 95% confidence intervals across a variety of specifications all using the two-stage least squares estimation procedure
outlined in equations (3.2) and (3.3). Each point estimates shows the corresponding specification underneath, where a black dot represents that it was estimated using that
polynomial, lower bound and upper bound. We estimate alternative specifications by, the order of polynomial, the upper bound of the estimation sample, and the lower
bound of the estimation sample, and present all possible combinations, none of which are excluded from this figure. The white dot represents the main specification which
we present in our tables in the main text. We thank Peter Eibich, Uri Simonsohn and Hans H. Sievertsen for developing the idea and the code for this figure. Stata code is
available at https://github.com/hhsievertsen/speccurve.
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FIGURE 3.A4: Sensitivity to alternative bandwidths and polynomials - Smoking Behaviour

NOTE: The figure shows point estimates, 90% and 95% confidence intervals across a variety of specifications all using the two-stage least squares estimation procedure
outlined in equations (3.2) and (3.3). Each point estimates shows the corresponding specification underneath, where a black dot represents that it was estimated using that
polynomial, lower bound and upper bound. We estimate alternative specifications by, the order of polynomial, the upper bound of the estimation sample, and the lower
bound of the estimation sample, and present all possible combinations, none of which are excluded from this figure. The white dot represents the main specification which
we present in our tables in the main text. We thank Peter Eibich, Uri Simonsohn and Hans H. Sievertsen for developing the idea and the code for this figure. Stata code is
available at https://github.com/hhsievertsen/speccurve.
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FIGURE 3.A5: Sensitivity to alternative bandwidths and polynomials - Alcohol Consumption

NOTE: The figure shows point estimates, 90% and 95% confidence intervals across a variety of specifications all using the two-stage least squares estimation procedure
outlined in equations (3.2) and (3.3). Each point estimates shows the corresponding specification underneath, where a black dot represents that it was estimated using that
polynomial, lower bound and upper bound. We estimate alternative specifications by, the order of polynomial, the upper bound of the estimation sample, and the lower
bound of the estimation sample, and present all possible combinations, none of which are excluded from this figure. The white dot represents the main specification which
we present in our tables in the main text. We thank Peter Eibich, Uri Simonsohn and Hans H. Sievertsen for developing the idea and the code for this figure. Stata code is
available at https://github.com/hhsievertsen/speccurve.
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FIGURE 3.A6: Sensitivity to alternative bandwidths and polynomials - Partner Spillover Estimates of Physical Activity

NOTE: The figure shows point estimates, 90% and 95% confidence intervals across a variety of specifications all using the two-stage least squares estimation procedure
outlined in equations (3.2) and (3.3). Each point estimates shows the corresponding specification underneath, where a black dot represents that it was estimated using that
polynomial, lower bound and upper bound. We estimate alternative specifications by, the order of polynomial, the upper bound of the estimation sample, and the lower
bound of the estimation sample, and present all possible combinations, none of which are excluded from this figure. The white dot represents the main specification which
we present in our tables in the main text. We thank Peter Eibich, Uri Simonsohn and Hans H. Sievertsen for developing the idea and the code for this figure. Stata code is
available at https://github.com/hhsievertsen/speccurve.
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FIGURE 3.A7: Sensitivity to alternative bandwidths and polynomials - Partner Spillover Estimates of Vegetable Consumption

NOTE: The figure shows point estimates, 90% and 95% confidence intervals across a variety of specifications all using the two-stage least squares estimation procedure
outlined in equations (3.2) and (3.3). Each point estimates shows the corresponding specification underneath, where a black dot represents that it was estimated using that
polynomial, lower bound and upper bound. We estimate alternative specifications by, the order of polynomial, the upper bound of the estimation sample, and the lower
bound of the estimation sample, and present all possible combinations, none of which are excluded from this figure. The white dot represents the main specification which
we present in our tables in the main text. We thank Peter Eibich, Uri Simonsohn and Hans H. Sievertsen for developing the idea and the code for this figure. Stata code is
available at https://github.com/hhsievertsen/speccurve.
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FIGURE 3.A8: Sensitivity to alternative bandwidths and polynomials - Partner Spillover Estimates of Fruit Consumption

NOTE: The figure shows point estimates, 90% and 95% confidence intervals across a variety of specifications all using the two-stage least squares estimation procedure
outlined in equations (3.2) and (3.3). Each point estimates shows the corresponding specification underneath, where a black dot represents that it was estimated using that
polynomial, lower bound and upper bound. We estimate alternative specifications by, the order of polynomial, the upper bound of the estimation sample, and the lower
bound of the estimation sample, and present all possible combinations, none of which are excluded from this figure. The white dot represents the main specification which
we present in our tables in the main text. We thank Peter Eibich, Uri Simonsohn and Hans H. Sievertsen for developing the idea and the code for this figure. Stata code is
available at https://github.com/hhsievertsen/speccurve.
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FIGURE 3.A9: Sensitivity to alternative bandwidths and polynomials - Partner Spillover Estimates of Smoking Behaviour

NOTE: The figure shows point estimates, 90% and 95% confidence intervals across a variety of specifications all using the two-stage least squares estimation procedure
outlined in equations (3.2) and (3.3). Each point estimates shows the corresponding specification underneath, where a black dot represents that it was estimated using that
polynomial, lower bound and upper bound. We estimate alternative specifications by, the order of polynomial, the upper bound of the estimation sample, and the lower
bound of the estimation sample, and present all possible combinations, none of which are excluded from this figure. The white dot represents the main specification which
we present in our tables in the main text. We thank Peter Eibich, Uri Simonsohn and Hans H. Sievertsen for developing the idea and the code for this figure. Stata code is
available at https://github.com/hhsievertsen/speccurve.
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FIGURE 3.A10: Sensitivity to alternative bandwidths and polynomials - Partner Spillover Estimates of Alcohol Consumption

NOTE: The figure shows point estimates, 90% and 95% confidence intervals across a variety of specifications all using the two-stage least squares estimation procedure
outlined in equations (3.2) and (3.3). Each point estimates shows the corresponding specification underneath, where a black dot represents that it was estimated using that
polynomial, lower bound and upper bound. We estimate alternative specifications by, the order of polynomial, the upper bound of the estimation sample, and the lower
bound of the estimation sample, and present all possible combinations, none of which are excluded from this figure. The white dot represents the main specification which
we present in our tables in the main text. We thank Peter Eibich, Uri Simonsohn and Hans H. Sievertsen for developing the idea and the code for this figure. Stata code is
available at https://github.com/hhsievertsen/speccurve.
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FIGURE 3.A11: Sensitivity to alternative bandwidths and polynomials - Whether taking Anti-diabetic medication

NOTE: The figure shows point estimates, 90% and 95% confidence intervals across a variety of specifications all using the two-stage least squares estimation procedure
outlined in equations (3.2) and (3.3). Each point estimates shows the corresponding specification underneath, where a black dot represents that it was estimated using that
polynomial, lower bound and upper bound. We estimate alternative specifications by, the order of polynomial, the upper bound of the estimation sample, and the lower
bound of the estimation sample, and present all possible combinations, none of which are excluded from this figure. The white dot represents the main specification which
we present in our tables in the main text. We thank Peter Eibich, Uri Simonsohn and Hans H. Sievertsen for developing the idea and the code for this figure. Stata code is
available at https://github.com/hhsievertsen/speccurve.
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FIGURE 3.A12: Sensitivity to alternative bandwidths and polynomials - Whether taking Antibiotic medication

NOTE: The figure shows point estimates, 90% and 95% confidence intervals across a variety of specifications all using the two-stage least squares estimation procedure
outlined in equations (3.2) and (3.3). Each point estimates shows the corresponding specification underneath, where a black dot represents that it was estimated using that
polynomial, lower bound and upper bound. We estimate alternative specifications by, the order of polynomial, the upper bound of the estimation sample, and the lower
bound of the estimation sample, and present all possible combinations, none of which are excluded from this figure. The white dot represents the main specification which
we present in our tables in the main text. We thank Peter Eibich, Uri Simonsohn and Hans H. Sievertsen for developing the idea and the code for this figure. Stata code is
available at https://github.com/hhsievertsen/speccurve.
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FIGURE 3.A13: Sensitivity to alternative bandwidths and polynomials - Whether taking Anti-depressant medication

NOTE: The figure shows point estimates, 90% and 95% confidence intervals across a variety of specifications all using the two-stage least squares estimation procedure
outlined in equations (3.2) and (3.3). Each point estimates shows the corresponding specification underneath, where a black dot represents that it was estimated using that
polynomial, lower bound and upper bound. We estimate alternative specifications by, the order of polynomial, the upper bound of the estimation sample, and the lower
bound of the estimation sample, and present all possible combinations, none of which are excluded from this figure. The white dot represents the main specification which
we present in our tables in the main text. We thank Peter Eibich, Uri Simonsohn and Hans H. Sievertsen for developing the idea and the code for this figure. Stata code is
available at https://github.com/hhsievertsen/speccurve.
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FIGURE 3.A14: Sensitivity to alternative bandwidths and polynomials - Whether taking Statins

NOTE: The figure shows point estimates, 90% and 95% confidence intervals across a variety of specifications all using the two-stage least squares estimation procedure
outlined in equations (3.2) and (3.3). Each point estimates shows the corresponding specification underneath, where a black dot represents that it was estimated using that
polynomial, lower bound and upper bound. We estimate alternative specifications by, the order of polynomial, the upper bound of the estimation sample, and the lower
bound of the estimation sample, and present all possible combinations, none of which are excluded from this figure. The white dot represents the main specification which
we present in our tables in the main text. We thank Peter Eibich, Uri Simonsohn and Hans H. Sievertsen for developing the idea and the code for this figure. Stata code is
available at https://github.com/hhsievertsen/speccurve.
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FIGURE 3.A15: Sensitivity to alternative bandwidths and polynomials - Whether ever had a job

NOTE: The figure shows point estimates, 90% and 95% confidence intervals across a variety of specifications all using the two-stage least squares estimation procedure
outlined in equations (3.2) and (3.3). Each point estimates shows the corresponding specification underneath, where a black dot represents that it was estimated using that
polynomial, lower bound and upper bound. We estimate alternative specifications by, the order of polynomial, the upper bound of the estimation sample, and the lower
bound of the estimation sample, and present all possible combinations, none of which are excluded from this figure. The white dot represents the main specification which
we present in our tables in the main text. We thank Peter Eibich, Uri Simonsohn and Hans H. Sievertsen for developing the idea and the code for this figure. Stata code is
available at https://github.com/hhsievertsen/speccurve.
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FIGURE 3.A16: Sensitivity to alternative bandwidths and polynomials - Spillover effect of whether taking Anti-diabetic medication

NOTE: The figure shows point estimates, 90% and 95% confidence intervals across a variety of specifications all using the two-stage least squares estimation procedure
outlined in equations (3.2) and (3.3). Each point estimates shows the corresponding specification underneath, where a black dot represents that it was estimated using that
polynomial, lower bound and upper bound. We estimate alternative specifications by, the order of polynomial, the upper bound of the estimation sample, and the lower
bound of the estimation sample, and present all possible combinations, none of which are excluded from this figure. The white dot represents the main specification which
we present in our tables in the main text. We thank Peter Eibich, Uri Simonsohn and Hans H. Sievertsen for developing the idea and the code for this figure. Stata code is
available at https://github.com/hhsievertsen/speccurve.
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FIGURE 3.A17: Sensitivity to alternative bandwidths and polynomials - Spillover effect of whether taking Antibiotic medication

NOTE: The figure shows point estimates, 90% and 95% confidence intervals across a variety of specifications all using the two-stage least squares estimation procedure
outlined in equations (3.2) and (3.3). Each point estimates shows the corresponding specification underneath, where a black dot represents that it was estimated using that
polynomial, lower bound and upper bound. We estimate alternative specifications by, the order of polynomial, the upper bound of the estimation sample, and the lower
bound of the estimation sample, and present all possible combinations, none of which are excluded from this figure. The white dot represents the main specification which
we present in our tables in the main text. We thank Peter Eibich, Uri Simonsohn and Hans H. Sievertsen for developing the idea and the code for this figure. Stata code is
available at https://github.com/hhsievertsen/speccurve.
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FIGURE 3.A18: Sensitivity to alternative bandwidths and polynomials - Spillover effect of whether taking Anti-depressant medication

NOTE: The figure shows point estimates, 90% and 95% confidence intervals across a variety of specifications all using the two-stage least squares estimation procedure
outlined in equations (3.2) and (3.3). Each point estimates shows the corresponding specification underneath, where a black dot represents that it was estimated using that
polynomial, lower bound and upper bound. We estimate alternative specifications by, the order of polynomial, the upper bound of the estimation sample, and the lower
bound of the estimation sample, and present all possible combinations, none of which are excluded from this figure. The white dot represents the main specification which
we present in our tables in the main text. We thank Peter Eibich, Uri Simonsohn and Hans H. Sievertsen for developing the idea and the code for this figure. Stata code is
available at https://github.com/hhsievertsen/speccurve.
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FIGURE 3.A19: Sensitivity to alternative bandwidths and polynomials - Spillover effect of whether taking Statins

NOTE: The figure shows point estimates, 90% and 95% confidence intervals across a variety of specifications all using the two-stage least squares estimation procedure
outlined in equations (3.2) and (3.3). Each point estimates shows the corresponding specification underneath, where a black dot represents that it was estimated using that
polynomial, lower bound and upper bound. We estimate alternative specifications by, the order of polynomial, the upper bound of the estimation sample, and the lower
bound of the estimation sample, and present all possible combinations, none of which are excluded from this figure. The white dot represents the main specification which
we present in our tables in the main text. We thank Peter Eibich, Uri Simonsohn and Hans H. Sievertsen for developing the idea and the code for this figure. Stata code is
available at https://github.com/hhsievertsen/speccurve.
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FIGURE 3.A20: Sensitivity to alternative bandwidths and polynomials - Spillover effect of ever having a job

NOTE: The figure shows point estimates, 90% and 95% confidence intervals across a variety of specifications all using the two-stage least squares estimation procedure
outlined in equations (3.2) and (3.3). Each point estimates shows the corresponding specification underneath, where a black dot represents that it was estimated using that
polynomial, lower bound and upper bound. We estimate alternative specifications by, the order of polynomial, the upper bound of the estimation sample, and the lower
bound of the estimation sample, and present all possible combinations, none of which are excluded from this figure. The white dot represents the main specification which
we present in our tables in the main text. We thank Peter Eibich, Uri Simonsohn and Hans H. Sievertsen for developing the idea and the code for this figure. Stata code is
available at https://github.com/hhsievertsen/speccurve.
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3.A.3 Reduced Form Regression Kink Design Graphs

FIGURE 3.A21: Graphical Representation of Reduced Form RKD Results - Own Gly-
cated Hemoglobin

NOTE: These figures are a graphical representation of the RKD. Figures show the mean outcomes per bin
(grey points), where bin width is 0.1, between HbA1c levels between 4.0 and 10.0. Black dashed line
represents the quadratic prediction from the reduced form a regression of the form:
Yi = χ0 + χ1(xi − k)Di +

[
∑

p∗
p=1 ψ−p (xi − k)p

]
+
[
∑

p∗
p=2 ψ+

p (xi − k)pDi

]
+ µi. The red lines represents the

kink point where HbA1c is 6.0%. Precise estimates of the fuzzy RKD using equations (3.2) and (3.3) are
available in table (3.2).
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NOTE: These figures are a graphical representation of the partner RKD. Figures show the mean outcomes
per bin, where bin width is 0.1 (grey points), between HbA1c levels between 4.0 and 10.0. Black dashed
line represents the quadratic prediction from the reduced form a regression of the form:
Yi = σ0 + σ1(xj − k)Dj +

[
∑

p∗
p=1 φ−p (xj − k)p

]
+
[
∑

p∗
p=2 φ+

p (xj − k)pDj

]
+ ζi. The red lines represents the

kink point where HbA1c is 6.0%. Precise estimates of the fuzzy RKD using the first stage and second
stage in equations (3.6) and (3.7) respectively are available in table (3.3).

FIGURE 3.A22: Graphical Representation of Reduced Form RKD Results - Partner’s
Glycated Hemoglobin
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3.A.4 Observed heterogeneity in RKD estimates

Following the main analysis and identification properties, we assess whether effects of
a diabetes diagnosis are heterogenous across observables both for own and partners’
diagnoses. We explore three sources of heterogeneity. First, we test whether those that
live with a spouse behave differently to those that do not. Second, in an attempt to
estimate whether the impact of diagnosis on behavioural change varies over time we
analyse whether those being diagnosed for longer behave differently to those recently
diagnosed. In the absence of panel data, differential impact by time since diagnosis
approximates long-term effects or recidivism to pre-diagnosis behaviours. Finally, we
estimate whether there are observable heterogeneities by education.

For estimation, we derive the Hetergoenous Marginal Treatment Effect (HMTE) in a
similar vein to Becker et al. (2013), by replacing the MTE of EverDi in equation 3.3 and
manipulating it to allow for heterogeneous effects along the variable zi. This is
implemented by replacing coefficients with an interaction, the general case being
γ = γ̂ + γ̃zi where zi denotes the trait across which heterogeneity is examined. The
first stage equation is re-written as:

EverDi = µ0 +µ1zi +µ2(xi− k)Di +µ3(xi− k)Dizi +
p∗

∑
p=1

[
ν−p (xi − k)p + ν−p (xi − k)pzi

]
+

p∗

∑
p=2

[
ν+p (xi − k)pDi + ν+p (xi − k)pDizi

]
+ w (3.14)

The second stage of the 2SLS is then described by:

Yi = ψ0 + ψ1zi + ψ2ÊverDi + ψ3 ̂EverDizi +
p∗

∑
p=1

[
υ−p (xi − k)p + υ−p (xi − k)pzi

]
+

p∗

∑
p=2

[
υ+

p (xi − k)pDi + υ+
p (xi − k)pDizi

]
+ mi (3.15)

The parameters of interest here are ψ2 and ψ3, where the estimate of ψ3 describes the
heterogeneity in the treatment effect over the trait under inspection zi. The rest of the
notation is as previously. The inclusion of an additional term to estimate, ψ3, which is
dependent on the endogenous variable EverDi requires an additional instrument for
the 2SLS estimates to be correctly identified. We, therefore, estimate an auxiliary first
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stage regression:

EverDizi = ω0 +ω1zi +ω2(xi− k)Di +ω3(xi− k)Dizi +
p∗

∑
p=1

[
σ−p (xi − k)p + σ−p (xi − k)pzi

]
+

p∗

∑
p=2

[
σ+

p (xi − k)pDi + σ+
p (xi − k)pDizi

]
+ zi (3.16)

The above framework refers to own behaviour in response to own diabetes diagnosis.
We extend this approach to partners and estimate whether there is heterogeneity in
own behaviour as a result of partner diagnosis and heterogeneity according to time
since partner’s diagnosis and their educational level.

Our HMTE estimation strategy closely follows that of Becker et al. (2013) with the key
difference being that ours is implemented within an RKD instead of an RDD setting.
For HMTE estimation we require that two additional assumptions hold in addition to
those discussed in the previous section. First, that there is continuity of the interaction
variables at the threshold vector. In our setting we require a stronger version of this,
namely that there is neither a jump nor a kink in the interaction variables at the
threshold. To check whether this assumptions holds, we plot the average per bin of
the interaction variables against Glycated Hemoglobin (HbA1c). Figure 3.3 shows,
amongst other variables, whether individual has degree level education. As discussed
previously there is little evidence of either a jump or kink at the threshold HbA1c level
of 6%.

Time since diagnosis cannot be handled in a similar fashion as is not observed (i.e. it
does not exist) for those that have never been diagnosed. To make HMTE effects
estimation possible, for those with missing observations, we follow Kleven et al.
(2019) and assign placebo time-since-diagnosis values by randomly drawing values
with replacement, from observed individuals who have a time-since diagnosis values.
For the analysis, we demean the variable so that ψ2 represents the effect for the
average time since diagnosis. To ensure smooth density of time since diagnosis we
present a similar graphic to those in figure 3.3 but for time since diagnosis in figure
3.A23. There is no clear evidence of a jump or a kink in time since diagnosis at the
threshold, however it is worth keeping in mind that for those not diagnosed with
diabetes, the time since diagnosis values are placebo values.

The second required assumption is the random assignment of the interaction variable
conditional on covariates. In this setting, we require that zi is not correlated with the
error term in the estimating equation. To ensure that this is indeed the case, we
include a number of observable individual level characteristics in the estimating
equations, which we also include in our main estimates, namely a gender dummy, a
continuous age variable, we also include a binary indicator of whether individual has



3.A. Appendix 109

degree level education in the estimating equations where we are not directly
estimating the heterogeneity along this dimension.

3.A.4.1 Partner in Household

Table 3.A5 presents the effect of own diabetes diagnosis by whether an individual
lives with a partner or not. Having a partner in the household on its own, increases
the probability of consuming vegetables, reduces the probability of smoking, while
also increases the probability of drinking. Yet, there is little heterogeneity on the effect
of own diabetes diagnosis on any of the own outcomes.

3.A.4.2 Time Since Diagnosis

Heterogeneity estimates across time-since-diagnosis are given in Table 3.A6 with
Panel (a) showing the effect of own diabetes and Panel (b) the effect of partner’s
diabetes diagnosis. For both own and partner’s diabetes main effects we find that
diagnosis increases exercise and reduces smoking with no variation in any of the
estimates by time since diagnosis. Such finding, supports a hypothesis of habit
formation, whereby individuals make positive lifestyle changes that they consistently
maintain going forward. This is somewhat contrary to Kim et al. (2019) who find that
for their specific outcomes measures (i.e. outpatient visits, medicated days, basic
exercise) there were no significant long-run effects.

It is also reassuring to note that time-since-diagnosis, as a main effect, is insignificant
in almost all models, which is precisely what we would expect, given that time since
diagnosis for individuals who have not had a diabetes diagnosis is a placebo time
since diagnosis, or placebo time since partner’s diagnosis.

3.A.4.3 Education

Finally, heterogeneity in terms of educational attainment is presented in Table 3.A7.
On average, those with degree level education tend to make better lifestyle choices
than those without degree level education. Those with degree level education are
more likely to exercise, eat vegetables and fruit, and are less likely to smoke. However,
they are also more likely to currently be a drinker, which is somewhat at odds with
what we would expect. In terms of the interaction between diabetes diagnosis and
education, we find limited evidence of a heterogeneous effect by education for most of
our outcomes, the only exception being fruit consumption.

We find that degree educated individuals decrease their fruit consumption in response
to a diagnosis, whereas those without a degree increase their consumption of fruit. At
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first glance this may be somewhat perplexing, however as discussed in Section 3.2.1
and its footnotes, clinical guidelines state that fruit should not be eaten freely, and
although its consumption is encouraged, the amount should be limited. Considering
that degree educated eat more fruit than those without degree level education, a
higher proportion of them are at the upper bound, or exceed the recommended fruit
consumption prior to a diagnosis, and therefore the diagnosis induces them to reduce
their fruit consumption. However, there is potential concern in that we find no
evidence to suggest that these individuals offset their decrease in fruit consumption
with an increase in vegetable consumption, which would be medically recommended.

Exercise
Vegetable Fruit Currently a Currently a

Consumption Consumption Smoker drinker

Own Diabetes 0.141 0.0548 -0.0221 -0.325∗∗∗ 0.00394
(0.120) (0.0833) (0.0793) (0.100) (0.0464)

Partner in HH -0.00825 0.0403∗∗ 0.0195 -0.116∗∗∗ 0.0293∗∗∗

(0.0241) (0.0161) (0.0152) (0.0180) (0.00805)
Own Diabetes x Partner in HH 0.101 -0.0261 0.122 -0.119 0.0123

(0.146) (0.102) (0.0971) (0.121) (0.0547)

Obs. 20641 39666 39690 23432 41686

Coefficients are estimated using a quadratic specification each side of the kink point, equally weighted observations, and with bounds of 4.0 on the right
hand tail, and 2.0 on the left hand side. Parentheses includes cluster-robust standard errors, clustered at the household level. Each specification includes the
following controls: Age, and dummies for whether individual i is male, a partner lives in the household, and has degree level education. *** denotes P-value
of 0.01 or less , ** denotes P-value of 0.05 or less, * denotes P-value of 0.10 or less

TABLE 3.A5: Heterogeneous fuzzy RKD estimates of change in own behaviour as a
result own diabetes diagnosis by whether individual has a partner

Exercise
Vegetable Fruit Currently a Currently a

Consumption Consumption Smoker drinker

(a)
Own Diabetes 0.201∗∗∗ 0.0322 0.0694 -0.419∗∗∗ 0.0137

(0.0693) (0.0482) (0.0456) (0.0566) (0.0250)
Time Since Own Diagnosis (TSoD) 0.000114 -0.000173 0.000523 -0.000485 0.000829∗∗∗

(0.00112) (0.000727) (0.000698) (0.000764) (0.000308)
Own Diabetes x TSoD -0.00337 0.00285 -0.00363 0.00422 -0.00544∗∗

(0.00726) (0.00466) (0.00454) (0.00511) (0.00239)

Obs. 20641 39666 39690 23432 41686

(b)
Partner Diabetes 0.237∗∗ 0.0108 -0.0761 -0.218∗∗∗ 0.0410

(0.0988) (0.0672) (0.0631) (0.0730) (0.0312)
Time Since Partner Diagnosis (TSpD) -0.0000979 -0.000407 0.000876 0.000737 -0.000129

(0.00166) (0.00106) (0.00106) (0.000998) (0.000539)
Partner Diabetes x TSpD 0.00428 0.00510 -0.0119∗ -0.00707 -0.00257

(0.00960) (0.00697) (0.00714) (0.00877) (0.00401)

Obs. 10563 19983 19985 11296 20924

Coefficients are estimated using a quadratic specification each side of the kink point, equally weighted observations, and with bounds of 4.0 on the right
hand tail, and 2.0 on the left hand side. Parentheses includes cluster-robust standard errors, clustered at the household level. Each specification includes the
following controls: Age, and dummies for whether individual i is male, a partner lives in the household, and has degree level education. Panel (b) additionally
include the same set of controls for individual j, but excluding whether partner lives in the household. *** denotes P-value of 0.01 or less , ** denotes P-value
of 0.05 or less, * denotes P-value of 0.10 or less

TABLE 3.A6: Heterogeneous fuzzy RKD estimates of change in own behaviour as a
result own and partner’s diabetes diagnosis by time-since-diagnosis
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Exercise
Vegetable Fruit Currently a Currently a

Consumption Consumption Smoker drinker

(a)
Own Diabetes 0.266∗∗∗ 0.0507 0.109∗∗ -0.397∗∗∗ 0.00176

(0.0757) (0.0535) (0.0509) (0.0620) (0.0286)
Own College Degree (OCD) 0.249∗∗∗ 0.108∗∗∗ 0.136∗∗∗ -0.134∗∗∗ 0.0176∗∗

(0.0303) (0.0191) (0.0176) (0.0222) (0.00782)
Own Diabetes x OCD -0.368∗ -0.0301 -0.234∗∗ -0.0235 0.0562

(0.192) (0.124) (0.114) (0.150) (0.0498)

Observations 20641 39666 39690 23432 41686

(b)
Partner Diabetes 0.256∗∗ 0.0402 -0.0606 -0.215∗∗∗ 0.0427

(0.104) (0.0717) (0.0677) (0.0806) (0.0339)
Own College Degree (OCD) 0.173∗∗∗ 0.0768∗∗∗ 0.108∗∗∗ -0.119∗∗∗ 0.0239∗∗

(0.0432) (0.0275) (0.0256) (0.0259) (0.0111)
Partner Diabetes x OCD 0.0114 -0.158 -0.134 -0.110 0.0222

(0.284) (0.219) (0.202) (0.199) (0.0945)

Observations 10581 20013 20015 11313 20941

Coefficients are estimated using a quadratic specification each side of the kink point, equally weighted observations, and with bounds of 4.0 on the right
hand tail, and 2.0 on the left hand side. Parentheses includes cluster-robust standard errors, clustered at the household level. Each specification includes the
following controls: Age, and dummies for whether individual i is male, a partner lives in the household, and has degree level education. Panel (b) additionally
include the same set of controls for individual j, but excluding whether partner lives in the household. *** denotes P-value of 0.01 or less , ** denotes P-value
of 0.05 or less, * denotes P-value of 0.10 or less

TABLE 3.A7: Heterogeneous fuzzy RKD estimates of change in own behaviour as a
result own and partner’s diabetes diagnosis by educational level



112
Chapter 3. The direct and spillover effects of diabetes diagnosis on lifestyle

behaviours

FIGURE 3.A23: Time Since Diagnosis including placebo values

NOTE: Graphical representation of the mean of time since diabetes diagnosis by glycated hemoglobin
(HbA1c) level. Black dots are the mean of the time since diagnosis per bin, with a bin width of 0.1,
including the placebo time since diagnosis used in the analysis for that do not have observed time since
diagnosis. 95% confidence intervals are represented by the blue lines. This confidence interval is
constructed by randomly re-assigning the placebo values, and then bootstrapping this sample. This
two-step procedure is done 250 times to estimate the bootstrap confidence intervals. Red line represents
the kink point of 6.0 %.
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FIGURE 3.A24: Time Since Diagnosis without placebo values

NOTE: Graphical representation of the mean of time since diabetes diagnosis by glycated hemoglobin
(HbA1c) level. Black dots are the mean of the time since diagnosis per bin, with a bin width of 0.1, of
only those with valid time since diagnosis values. 95% confidence intervals are represented by the blue
lines. Red line represents the kink point of 6.0 %.
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3.A.5 Test for location of the Kink

In this section we seek to investigate alternative kink locations to ensure that the kink
used in our analysis is correct. Although theoretically we expect a kink-point at a
glycated hemoglobin (HbA1c) level of 6.0%, it is possible that the true data generating
process is different, and that the kink point may be at some other location. Indeed,
there is an another candidate jump or kink point, which has theoretical support; a
HbA1c level of 6.5% is the threshold for receiving a diabetes diagnosis. Therefore, it is
reasonable to investigate possible kink points further.

We follow a similar approach to Landais (2015), where we attempt to find the real
location of the kink, if we did not have any theoretical guidance, and we were not
aware of where the kink was. This approach estimates the first stage of the RKD
specification for a number of virtual values of the kink point (k), and inspect to see
which value of the kink point maximises the adjusted R-square. Given that Dong
(2011)’s framework allows for a jump and a kink to be used as instruments for the
endogenous variable, we estimate two different specifications; we estimate the first
stage fuzzy RKD equation (equation 3.2), which is used to estimate the results we
present in the main text. This is given by:

EverDi = γ0 + γ1(xi − k)Di +

[
p∗

∑
p=1

ν−p (xi − k)p

]
+

[
p∗

∑
p=2

ν+p (xi − k)pDi

]
+ ξi (3.17)

where EverDi is a binary variable taking the value of one for individual i if they have
ever been diagnosed with diabetes, and zero otherwise. xi denotes the running
variable, which is HbA1c level in this case, and k is the kink point of 6%.
Di = 1(xi ≥ k), is an indicator variable, taking the value of one if the individual’s
level of HbA1c is above the kink point, and where (xi − k)Di is the excluded
instrument for the fuzzy RKD. p∗ denotes the highest order of polynomial used in the
regressions, ν−p and ν+p are the estimates of the polynomial function below and above
the kink point, respectively.

In addition, we estimate a Regression Probability Jump and Kink (RPJK) first stage,
where both the jump and kink are used as instruments. This first stage is described by:

EverDi = γ0 + χDi + γ1(xi − k)Di +

[
p∗

∑
p=1

ν−p (xi − k)p

]
+

[
p∗

∑
p=2

ν+p (xi − k)pDi

]
+ ξi

(3.18)
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Note the additional term Di and the additional parameter χ to be estimated. Once
again Di = 1(xi ≥ k) is an indicator variable, taking the value of one if the
individual’s level of HbA1c is above the kink point. This term estimates the “jump” in
probability of receiving a diabetes diagnosis above the threshold k. Indeed, as
discussed above, there may be reasonable theoretical justification of a jump in the
probability, either at the 6.0% or 6.5% threshold, and therefore we should explore the
possibility that there is a jump in the probability.

We estimate both of these specification, bootstrapping 250 times, and report the mean
adjusted R-Squared values of these replications in figure 3.A26. R-Squared values for
equation (3.17) (without a jump) are presented in blue, and R-squared for equation
(3.18) (which includes a jump) are presented in black. The red circle denotes the
maximum value of the adjusted R-Square, which was achieved by specification (3.18)
and for a kink point (k) of 6.1%.

The first thing to note is that the R-squared value is increasing through values of k
initially, up to the value of 6.1%, with both specifications performing almost
identically, with a difference in R-Squared of less than 0.00015 between the two. For
values above 6.1% the performance of the specifications diverge. The performance of
specification (3.17) decreases relatively quickly after reaching the maximum R-squared
value, whereas the performance of specification (3.18) does decrease, but at a slower
rate, with values of k between 6 and 6.5 being relatively comparable. It is also worth
noting that R-squared values of specifications (3.17) and (3.18) are almost identical for
k values of 6, 6.1 and 6.2. This suggests that there is no performance gain from adding
a discontinuity term to the first stage in these cases.

We believe this exercise provides evidence in support of your empirical strategy, in
that the kink point we use in our analysis is very close to the highest performing value
of k, and indeed the R-Squared of k values 6.0% and 6.1% are not statistically
significantly different. In addition, these specifications also do not benefit from having
a discontinuity term (i.e. jump).

The alternative candidate value of k which has theoretical support (k = 6.5) clearly fits
the data less well. Both jump and kink specifications for k = 6.5 perform less well than
the 6.0% threshold, and therefore we have no reason to believe that the true data
generating process has a threshold point of 6.5%. Although we are confident this
exercise is supportive of our kink point, we do one further step to ensure that the kink
point is indeed at 6.0. We take the specification (3.18) and a threshold point of 6.5
(which is both the furthest from the used k value, and the point which has theoretical
support) and illustrate the fitted values of this specification in figure (3.A27).

Figure 3.A27 shows the first stage used in the main text, with a kink point of 6.0% and
no discontinuity term, in blue. The alternative candidate threshold of 6.5% which
additionally includes a discontinuity term is displayed in red. The first point to note is
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that both specifications estimate very similar functions, with the only divergent point
being in the range of approximately 5.8% and 6.5, and even across this range the
functions are not too dissimilar. The specification with a discontinuity term does not
estimate a large jump in probability at the threshold. Across this range the
specification without the discontinuity may in fact be preferred, because there is no
clear and obvious jump in the probability at either threshold, rather the change in
probability is more reasonably modelled by a slope change. In addition, the Kink and
Jump Specification with a k value of 6.5 seems to fit values below 6 less well. Below 6.5
the Kink and Jump specification estimates the function to be convex, whereas the true
data generating process appears to be more linear for these values.

We believe this inspection provides further evidence in favour of the kink point
indeed being at 6.0, and that a discontinuity term provides no measurable benefit in
the first stage. We therefore conclude that the data does support the threshold of 6.0%
and there is no gain from including a discontinuity term in our first stage
specification, which is supportive of our empirical strategy.
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NOTE: Mean of the probability of ever being diagnosed with diabetes per bin. Bin width of 0.1 for
glycated hemoglobin levels between 4 and 10.

FIGURE 3.A25: Probability of Diabetes Diagnosis by HbA1c Level
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FIGURE 3.A26: Test for location of the kink

NOTE: Value of adjusted R-Square for first stage of the Regression Probability Kink (RPK) specifications
(shown in blue) or Regression Probability Jump and Kink (RPJK) (shown in black), for different virtual
kink points (k). All values of virtual kink point (k) are presented, with the real kink point at kink point
k = 6. Red circle denotes the specification with the highest adjusted R-squared value, which was the
jump and kink specification with a k of 6.1%. Specifications are bootstrapped 250 times and mean values
of adjusted R-squared are shown. We use a relative bandwidth of -2 for the lower bound, and 4 for the
upper bound, which is the same bandwidth used in the main specification presented in this paper.
Regression Probability Kink is estimated by:

EverDi = γ0 + γ1(xi − k)Di +
[
∑

p∗
p=1 ν−p (xi − k)p

]
+
[
∑

p∗
p=2 ν+p (xi − k)pDi

]
+ ξi Regression Probability

Jump and Kink is estimated by:

EverDi = γ0 + γ1Di + γ2(xi − k)Di +
[
∑

p∗
p=1 ν−p (xi − k)p

]
+
[
∑

p∗
p=2 ν+p (xi − k)pDi

]
+ ξi

Where Di = 1(xi ≥ k).
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NOTE: Mean of the probability of ever being diagnosed with diabetes per bin. Bin width of 0.1 for
glycated hemoglobin levels between 4 and 10. Two specifications are presented. In blue, is the Regression
Probability Kink specification, with a kink point (k) of 6.0. In red, the Regression Probability Jump and
Kink with a kink point (k) of 6.5. Quadratic fit is separately estimated for the left and right hand sides of
the kink for both specifications, with the Regression Probability Jump and Kink also including a jump
term of Di = 1(xi ≥ k). Blue and red vertical lines represents the two kink points under inspection,
either a glycated hemoglobin value of 6.0 or 6.5.

FIGURE 3.A27: Probability of Diabetes Diagnosis by HbA1c Level
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Chapter 4

More Doctors, better health?
Considering doctor numbers in the
Mais Medicos Programme

4.1 Introduction

According to the WHO “investments in Primary Healthcare improve equity and
access, health care performance, accountability of health systems, and health
outcomes” and primary care is considered to be the “front door of the health system”
(WHO, 2021). In most healthcare systems worldwide, primary care is the initial
contact with the healthcare system and referral to specialists or further treatment is
usually initiated by primary care physicians. Primary care is also usually the setting in
which preventative treatment and treatment for common illnesses are administered. A
strong primary care system has also been linked to better health, lower costs, decrease
of unnecessary hospitalisations (Starfield et al., 2005; Guanais and Macinko, 2009;
Macinko et al., 2010; Rasella et al., 2014) and can alleviate the burden of poverty on
health (Shi, 2012). Indeed, countries with strong primary healthcare systems have
been found to “have fewer low birth weight infants, lower infant mortality, especially
post-neonatal mortality, fewer years of life lost due to suicide, fewer years of life lost
due to all except external causes and higher life expectancy at all ages except at 80
years” (Starfield and Shi, 2002; Rao and Pilot, 2014), and is also associated with
decreased health inequality (Szwarcwald et al., 2010; Hone et al., 2017; OECD, 2020).
Primary care physicians, therefore, play a key role in the distribution of healthcare
resources as well as a direct impact on individuals’ health outcomes.

However, by 2030 it has been estimated that 5 billion people will lack access to
healthcare (World Bank, 2021b). The deficit in physicians is likely a key contributor to
this and there is an estimated deficit of of 2.4 million doctors, nurses and midwives
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worldwide (World Health Organisation, 2006). Insufficient primary care physician
numbers is of increasing global concern and could be having a significant negative
impact on health. In the US the workload for primary care physicians was estimated
to rise by 29% from 2005 to 2015, but the increase in number of primary care
physicians was only estimated to grow by between 2% and 7% (Truglio et al., 2012). It
is estimated that over 14,000 primary care doctors are required reduce the deficit in the
US (The Kaiser Family Foundation, 2020) and this number is expected to increase to
52,000 by 2025 (Petterson et al., 2012; Frisch, 2013). This deficit in primary care doctors
is not limited to the US, and shortages in primary care physicians have been
documented in Australia and New Zealand (Gorman and Brooks, 2009), Canada
(Gladu, 2007; Islam, 2014), the United Kingdom (Majeed, 2015), and there is also a
known shortage in many low and middle income countries (World Health
Organisation, 2006; Hoyler et al., 2014).

Although the deficit in primary care physicians is well document, the literature
quantifying the benefits of primary care physicians is mixed. There is reasonable
theoretical justification for a benefit in healthcare outcomes from increasing primary
care physician supply, however, the empirical evidence is less clear. It is not well
established as to whether increasing primary care physician supply would indeed
lead to the improvements in health, and importantly whether increasing primary care
physician numbers is the most cost-effective way of improving public health. It is
hypothesised that if there was indeed unmet need in primary care which was due to
insufficient primary care physicians, then it would be expected that an increase in
physician numbers would increase utilisation of primary care services. We would then
expect more preventative treatments to be administered to the population, more
treatment of common illnesses and conditions, as well as increased referrals to
specialists. As a result, it would be expected that mortality would fall due to this
increased use of primary care services and preventative treatment.

Basu et al. (2019) analysed the relationship between primary care physician supply in
the US, and found that an increase in primary care physician density was associated
with an increase in life expectancy and reduced mortality from cardiovascular, cancer,
and respiratory complications. In support of these findings, Anand and Bärnighausen
(2004) conducted a cross-country analysis and found that doctor density, not
specifically primary care doctor density, was associated with a decrease in maternal,
infant and under-five mortality rate, but found that there was no evidence that nurse
density impacted the same set of outcomes. An analysis of general practitioner
density in England was conducted by Gulliford (2002) and found that all cause
mortality, avoidable mortality, hospital admissions with acute and chronic conditions
were all negatively associated with doctor density. However, the author did
acknowledge that location characteristics may be confounding the estimates.
Conversely, Aakvik and Holmås (2006) found that the impact of general practitioners



4.1. Introduction 123

on mortality was insignificant in Norway. Fadlon and Van Parys (2020) instead
analyse the impacts of switching to a primary care doctor with a different style of care
in the US, and find that there are indeed significant long-term implications as a result
of the intensity of care a primary care physician provided. Namely, they find increases
in number of diagnoses, chronic conditions, number of emergency department visits,
number of avoidable hospitalisations, and increased probability of receiving diabetes
care from switching to a higher intensity primary care physician.

It is therefore unclear whether primary care doctor density plays a role in determining
mortality and hospitalisations. This paper seeks to provide empirical estimates of the
marginal effect of an increase in primary physician supply on hospitalisations and
mortality. We do so by using a unique setting ideal for this type of analysis.
Specifically, in this paper, we use the Programa Mais Médicos (PMM) and a
generalised synthetic control estimator (Powell, 2021) to estimate the effect of an
increase in physician primary care physician supply on mortality and hospitalisations.
However, we deviate from previous work analysing the PMM, in that we use only
municipalities that received PMM doctors, to ensure that selection into treatment does
not bias in our estimates.

The Programa Mais Médicos (PMM) aimed to improve the provision of primary care
to underserved communities specifically through increasing primary care physician
supply. A policy to significantly increase physician supply would normally occur due
to a redistribution of physicians, rather than a unilateral increase in primary care
numbers. Redistributions of physicians would usually either be due to physicians
from other specialisms moving into primary care, and therefore a decrease in
physicians working in other specialists, or due to a geographical redistribution which
would move physicians from one region to another. In both cases, there would be a
substantial spillover effect as a result of these redistributions, which would make
estimating the effect of a change in primary care physician density on health outcomes
more challenging. However, the increase in physician supply in the PMM was driven
by importing doctors from Cuba, who were imported specifically to fill these PMM
vacancies. Because the change in physician numbers was mostly not the result of
redistribution of doctors in Brazil but rather importing from outside of Brazil, the
spillover and general equilibrium effects are less of a concern in this setting, which
makes it an ideal setting for this type of analysis.

There has already been work analysing the effectiveness of the PMM. Carrillo and
Feres (2019) estimate that PMM doctors simply substituted for nurses in
municipalities that received PMM doctors. They find minimal evidence that prenatal
visits increase, but do estimate that prenatal visits by physicians increase, specifically
the PMM resulted in 0.7 more prenatal visits by physicians per 1,000 residents each
bi-month. They additionally found no evidence to suggest that this increase did
resulted in better infant health outcomes. There was no statistically significant change
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in prematurity, birth weight or infant mortality. These findings suggest that although
these areas may have had less primary care doctors than demanded, the demanded
care was not unmet but rather provided by nurses in these regions. The increase in
physicians supply caused a substitution away from care delivered by nurses but had
very little impact on health outcomes. These findings are not unexpected as there has
been previous work concluding that nurses are able to deliver a comparable quality of
care to doctors (Laurant et al., 2005). Tentatively, these results do suggest that primary
care physicians may not have been the most cost-effective way to improve health
outcomes in this setting.

A comprehensive analysis of PMM was conducted by Mattos and Mazetto (2019), in
which they analyse the impact of PMM on healthcare utilisations and mortality. They
estimate an average 9.4% increase in doctor consultations in PMM municipalities,
with a larger increase in children consultations (11.1%) and marginally less for the
elderly (7.1%). Number of appointments were also found to increase (6.7%), and was
driven by preventative health appointments (5.9%). They additionally found an
increase in referrals in the order of 12.5% and some less robust evidence of a decrease
in overall hospitalizations. There was, however, robust evidence of a decrease in
hospitalizations from infectious and parasitic diseases of approximately 6%. Finally,
they analysed mortality, and precisely estimated null effects for overall, elderly,
maternal and infant mortality indicators.

Fontes et al. (2018) focus their analysis on ambulatory care sensitive (ACS)
hospitalisations, which are conditions considered to be preventable by primary care
interventions (Purdy et al., 2009), and find a negative impact of the PMM on ACS
hospitalisations. They additionally find that the effect magnitude increases in each of
the three years after the introduction of PMM, with an average decrease of 8% over
those three years. Which suggests that increase in utilisation from the PMM had
beneficial impacts on health.

Previous work by Hone et al. (2020) found there to be an overall decrease of
amendable mortality in the order of 1.06 mortalities per 100,000 population. However,
they found there to be no statistically significant impact of PMM in non-priority
municipalities on amendable mortality, however amendable mortality decreased by
1.26 in priority municipalities. This suggests that the PMM was beneficial to
previously underserved communities. They also estimated a gradient in amendable
mortality by quintiles of baseline primary care doctor density, where, in general, the
municipalities with the lowest levels of doctors pre-PMM saw a decrease in
amendable mortality, and those municipalities with higher number of doctors
pre-PMM saw no significant impact from the PMM. This work, in particular, provides
evidence to suggest that previously underserved municipalities disproportionally
benefited from the PMM programme through improvements in health.
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However, a concern of these previous studies is that municipalities that received
treatment are systematically different to those that did not receive PMM doctors.
Previous work has condensed the PMM into a binary classification for whether
received any PMM doctors or not. These studies have therefore estimated the average
treatment effect of receiving any PMM doctors, which could be considered an overall
policy effect. A concern with these previous studies, however, is that they compare
treated and untreated municipalities. This is a concern because the policy was
explicitly designed to be non-random, and had a clear priority criteria. Also,
municipalities were required to express interest in participating in the PMM, and
therefore there may be a form of self-selection into the programme. This paper
deviates from these previous analyses, in that we aim to utilise the variation in PMM
doctors to identify the impact of PMM doctors. We exploit the variation in PMM
doctors between municipalities by using a generalised synthetic control estimator
(Powell, 2021), so that we are able to limit the sample to only municipalities that
received PMM doctors. This eliminates the concern that we are comparing
systematically different municipalities, and allows us to identify unbiased estimates of
the impact of an increase in primary care physician supply.

Our paper aims to estimate the marginal effect of an increase PMM physician density
on hospitalisations and mortality, which is also analogous to estimating the
dose-response. We hypothesis that an increase in primary care physicians to these
areas that were previously underserved would result in a decrease in both
hospitalisations and mortality due to physicians servicing the unmet need in these
areas. Alongside our estimates of the impact on total hospitalisations and total
mortality rates, we also estimate the impact on hospitalisations and mortality rates for
ambulatory sensitive conditions (ACS) and non-ambulatory sensitive conditions
(non-ACS) separately. ACS conditions are ones which are considered to be
preventable by primary care interventions (Purdy et al., 2009), and previous studies
have claimed that there to be a 75% preventability of these conditions (Sundmacher
et al., 2015). These conditions include: chronic diseases in which management of them
can reduce risk of mortality and hospitalisations, acute diseases where early diagnosis
and intervention can reduce risk of major complications, and finally
vaccine-preventable conditions, which are ones in which a vaccine administered in
primary care can almost fully eliminate the risk of developing those diseases. It is
therefore expected that the primary care physician expansion would have the largest
impact on ACS conditions, and we explore whether this is indeed the case. Indeed, we
hypothesis that the decrease in hospitalisations and mortality due to the increase in
physician supply would be driven by decreases in hospitalisations and mortality from
ACS conditions, due to these being the conditions that primary care has the largest
influence over. We expect there to be limited, if any, impact on non-ACS conditions.

In estimating these effect, we contribute to the literature in two key ways. Firstly, we
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contribute to the literature evaluating the PMM by providing estimates of the effect of
treatment intensity on mortality and hospitalisations, as well as providing estimates
that are purged of selection biases because we use only treated municipalities. These
estimates also contribute to the literature more broadly, by providing empirical
estimates of the effect of an additional primary care physician on mortality and
hospitalisations, in a setting in which spillover and general equilibrium effects are less
of a concern. We also add to the literature by providing within country estimates of
the impact of primary care doctor density for a developing country. Literature that has
previously estimated the impact of doctor density on health outcomes have
prominently been focused on high-income countries in which the healthcare systems
are highly developed and where doctor densities are higher. Our results are useful
estimates for policy makers in determining the most cost-effective use of healthcare
resources, and indeed whether an increase in primary care physician numbers can be
expected to improve health outcomes. We find no evidence that an increase in primary
care physician density has any impact on mortality, whether it is total mortality, or
mortality from ambulatory sensitive conditions (ACS) and non-ambulatory sensitive
conditions (non-ACS). We do, however, find some limited evidence that total
hospitalisations falls.

The paper is organised as follows: firstly, we provide background of the Programa
Mais Médicos (PMM), before moving onto the data used in this paper. Then, we
present the identification strategy including a description of the atypical inference
procedure we use. Results are then presented before providing evidence that our
identifying assumptions holds. Finally, we discuss our findings and place them within
a wider context.

4.2 Programa Mais Médicos (PMM) Background

In July 2013 Programa Mais Médicos (PMM) was launched in Brazil with one of the
main objectives being to reduce primary care physician deficits in underserved areas
(Mattos and Mazetto, 2019). The programme comprised of three main components: to
establish new medical schools, provide funding for construction and refurbishment of
clinics, and, the most relevant component for this paper, was the emergency increase
in the number of primary care doctors. This was achieved, firstly, by offering generous
salaries, as well as housing and food benefits, to Brazilian physicians that relocated to
work in areas with shortages of doctors. However, only 10% of the vacancies were
filled in the first round (Pereira et al., 2016). To fill the remaining vacancies, an
international cooperation was made between Brazil and Cuba, facilitated by Pan
American Health Organization (PAHO), which allowed the participation of Cuban
doctors in the Mais Medicos programme (Harris and Harris, 2016; Santos et al., 2017).
PMM doctors from abroad were required to participate in additional training, which
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included Portuguese language classes and background on Brazil and the healthcare
system (Mattos and Mazetto, 2019).

The Ministry for Health in Brazil set a criteria for PMM prioritization. If one of the
following criteria was satisfied, then a municipality would be considered a priority
municipality for receiving PMM physicians: 20% or more of the population in extreme
poverty; the 100 municipalities with the lowest income per capita and a population
over 80,000; state capitals, metropolitan regions and municipalities with extreme
poverty; and, municipalities with low human development indexes, or semi-arid and
Quilombo communities (Oliveira et al., 2016; Carrillo and Feres, 2019; Hone et al.,
2020).

For a municipality to receive PMM doctors they were required to express their interest
in participating in the programme. However, the priority criteria was not strictly
adhered to and many non-priority municipalities received doctors under the
programme (Oliveira et al., 2016). By 2018, the programme was implemented in 4,524
of the 5,570 municipalities.

As a result of critical comments by Jair Bolsonaro, the Cuban government then
withdrew Cuban doctors from Brazil in November 2018, which brought an end to
Cuban doctors involvement in the programme (Santos et al., 2018)1.

4.3 Data

To analyse the impact of PMM physicians we construct a panel of municipalities over
the years 2007 to 2018. Our constructed panel includes bi-yearly observations of each
municipality. Although data from the period before 2007 is available for some of our
variables, we choose not to use this data due to substantial primary care changes prior
to 2007. Specifically, in 2006 the Brazilian government initiated a national primary care
policy in an attempt to improve the access and quality in primary care (Paim et al.,
2011). We seek to avoid including structural breaks in our data to ensure that we are
able to generate reasonable synthetic controls for each municipality.

Our main variables of interest are, total hospitalisations and mortality rates (per 1,000
population), and the number of full time equivalent (FTE) PMM and non-PMM
primary care physicians rates (per 1,000 population), which came from the Brazilian

1Future work may consider using this event as a shock to asses a decrease in physician supply. Given
that it is unlikely that Bolsonaro’s critical comments and the Cuban government’s reaction would have
been foreseen or expected. The withdrawal of PMM doctors could reasonably considered to be an ex-
ogenous shock. The shock is very unlikely to be anticipated and would have impacted every treated
municipality simultaneously. This shock, therefore, may allow for an unbiased estimate of the impact of
a decrease in physician supply to be estimated. Indeed, it may provide a better setting to assess the im-
pacts of the PMM programme than using its implementation, given the challenges that staggered roll-out,
non-random assignment and anticipation effects cause in the setting investigated in this paper.
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Ministry of Health. In our analysis we use hospitalisation rates, mortality rates and
FTE doctor rates, rather than raw values. In addition to total hospitalisation and
mortality rates, we also have hospitalisation and mortality rates from ambulatory care
sensitive conditions (ACS) 2 and non-ambulatory care sensitive conditions (non-ACS)
separately. ACS conditions are ones in which the need for emergency care is
considered to be avoidable (Purdy et al., 2009; Sundmacher et al., 2015; Hodgson et al.,
2019). It is therefore useful to consider ACS conditions separately from non-ACS as
we may expect primary care physicians to be able to impact hospitalisations and
mortality from these conditions more easily than non-ACS conditions, which primary
care physicians may have limited influence over.

Our data also includes: total number of nurses, health facilities, and hospital beds
within a municipality, which were also collected from the Brazilian Ministry of Health.
In addition, we also have a number of time-invariant characteristics from the 2010
Brazilian Census, which includes a rich set of demographic and socio-economic
characteristics.

4.3.1 Descriptive Statistics

Table 4.1 presents descriptive statistics of a range of municipality level variables in
2012, which was the year prior to the introduction of the PMM, and in 2014 the year
after the introduction of the PMM.

From this table we show that both hospitalisations and mortality rates are lower for
municipalities that would eventually receive PMM doctors prior to the policy
introduction. This is also the case for each different type of hospitalisation and
mortality. This pattern persists to the year after the introduction of PMM and
differences are similar in magnitude.

In terms of doctor numbers, there is an expected lower number of primary care
physicians in municipalities that eventually receive PMM physicians. This is also the
case for the density of nurses, hospital beds, health facilities, percentage of private
insurance and amount of health spending per person. Once again, this pattern persists
post PMM introduction.

Municipalities that received PMM doctors are also, on average, poorer, with per capita
GDP being lower for those municipalities, and also percentage of extremely poor
population being higher. Infrastructure is on average worse in receiving
municipalities, in relation to piped water and sanitation. Interestingly, there appears
to be a relationship between whether the ruling political party of the municipality was

2Conditions that we consider to be ACS are based on the Brazilian list (ordinance number 221, 17 April
2008. Ministry of Health. Brazil), which are: nutritional diseases and anaemia, asthma and pulmonary
diseases, hypertension, heart failure, cerebrovascular diseases, diabetes, epilepsy, gastric ulcer.
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Pre-PMM Introduction Post-PMM Introduction

Never Received MM Doctors Received MM Doctor Never Received MM Doctor Received MM Doctor

Health Outcomes
Hosp. per 1,000 69.12 63.20 70.57 65.12

(26.34) (24.50) (26.85) (25.36)
ACSC Hosp. per 1,000 18.34 16.92 17.77 16.63

(13.68) (12.77) (13.88) (12.87)
non-ACSC Hosp. per 1,000 50.78 46.28 52.80 48.49

(16.88) (15.99) (17.78) (17.01)
Mortality per 1,000 6.54 6.03 6.73 6.21

(1.94) (1.72) (1.84) (1.69)
ACSC Mortality per 1,000 1.92 1.81 1.93 1.82

(0.83) (0.72) (0.83) (0.70)
non-ACSC Mortality per 1,000 4.62 4.21 4.80 4.39

(1.51) (1.26) (1.45) (1.26)

Health
FTE MM physicians per 1,000 – – – 0.10

(0.00) (0.00) (0.00) (0.10)
FTE non-MM physicians per 1,000 0.57 0.44 0.60 0.41

(0.26) (0.21) (0.27) (0.23)
Nurses per 1,000 0.50 0.41 0.63 0.54

(0.37) (0.31) (0.47) (0.39)
Hospital Beds per 1,000 3.08 2.39 2.96 2.36

(2.52) (1.99) (2.47) (1.99)
Health Facilities per 1,000 3.30 2.56 3.23 2.54

(2.42) (1.95) (2.38) (1.95)
Health Spending per person 645.83 485.19 815.99 607.54

(289.66) (211.09) (365.99) (271.03)
% with Private Insurance 9.05 8.22 10.05 8.98

(11.97) (11.43) (12.34) (11.94)

Economic
GDP per capita 18466.49 15175.34 21921.42 17920.77

(30079.18) (16538.24) (33740.87) (17257.61)
Income per capita 540.45 482.77 540.45 482.77

(30079.18) (16538.24) (33740.87) (17257.61)
% of extremely poor 7.60 12.21

(9.74) (12.02)

Political
Ruling party in opposition to PMM 0.34 0.25

(0.47) (0.43)

Demographic
Population 9212.23 40072.79

(13896.56) (224880.49)
% Rural Population 35.14 36.41

(21.43) (22.18)
% of the income of the poorest 20% 4.36 3.58

(1.50) (1.52)
% in households with piped water 89.19 84.77

(12.55) (15.06)
% with inadequate sanitation 4.85 10.21

(8.81) (13.40)

Geographic
Semi-arid zone 0.15 0.24

(0.36) (0.43)
Legal Amazon 0.09 0.15

(0.29) (0.36)
Municipality Area 625.85 1736.46

(1120.45) (6196.82)
Municipality Altitude 490.40 394.63

(261.74) (297.03)
Municipality distance to capital 281.54 246.71

(147.20) (166.56)
Average winter rainfall 48.27 63.89

(49.52) (57.48)
Average summer rainfall 192.20 167.80

(63.66) (76.41)

Observations 1046 4524 1046 4524

† denotes variables which are time-invariant in our data.

TABLE 4.1: Descriptive Statistics for year prior to PMM introduction by whether mu-
nicipality received PMM doctors

opposed to the introduction of the PMM. The primary care physician expansion was a
“politically-contentious” (Hone et al., 2020) part of the PMM, and therefore this
relationship may be expected.

In terms of demographic and geographic variables, populations of receiving
municipalities were on average higher, with a marginally higher proportion living in
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rural areas, and municipalities were much larger in land area. Receiving
municipalities were also more likely to be semi-arid or legal Amazon areas.

There are clearly substantial differences between receiving municipalities and those
that never received PMM physicians. Although the priority criteria was not strictly
adhered to, the municipality averages do follow a general pattern of preference for
those regions that were considered priority. Municipalities receiving PMM doctors
were on average poorer, more rural, and more likely to be semi-arid, and these
municipalities were the ones targeted by the programme.

The variation in PMM doctor numbers received by municipalities was also
substantial. Figure 4.1 shows the distribution of PMM doctor numbers by
municipality. As is shown, the distribution is heavily skewed and the majority
received 1 or 2 PMM doctors, with 2 doctors being the 60th percentile. Indeed, the
95th percentile is 10 doctors but there are some extreme cases and in our data, one
municipality received 230 full-time equivalent doctors.

Figure 4.2 shows the number of physicians across our study period. The figure shows
numbers for total physicians in treated municipalities, as well as separately for PMM
and non-PMM doctors. In addition, numbers of physicians in never treated
municipalities are shown. Firstly upon initial programme roll-out it is clear to see the
increase in PMM numbers, and this contributed to an increase in total number of
physicians in these municipalities. However, it is also clear to see that at the same time
there is a decrease in non-PMM doctors. It is therefore reasonable to presume, given
the programme design, that some non-PMM doctors may have converted to PMM
doctors, or that PMM doctors simply replaced non-PMM doctors. Although, it does
not appear to be the case that physicians moved away from never-treated
municipalities to work in treated ones, as PMM doctors, because although there is a
small increase in physician numbers over the study period, there is no clear change in
trend for never-treated municipalities.

Due to the fact that some doctors who were already working in priority municipalities
became PMM doctors, the “pass-through rate” of PMM doctors is not equal to one. In
other words, a one unit increase in PMM doctor does not directly correspond to a one
unit increase in physicians overall. This is not surprising as Hone et al. already found
such a result, however this requires consideration when interpreting our results.

4.4 Identification Strategy

The main aim of this paper is to estimate the effect of an increase in PMM physicians
on both hospitalisations and mortality. As discussed, previous studies used a binary
indicator of whether a municipality received any number of PMM doctors, and
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FIGURE 4.1: Histogram of Mean Number of FTE PMM Physicians by Municipality

Note: Histogram of the mean number of FTE PMM physicians by municipality for the period
post-treatment. Municipalities that never received PMM doctors, or, municipalities that received more
than 30 FTE PMM physicians are not included.

compared treated and non-treated municipalities. There is a concern that the estimates
in previous studies are plagued by selection biases, because the policy was not
intended to be random and municipalities were able to select into treatment. Instead,
this paper seeks to exploit the variation in PMM numbers by municipality, and limit
the estimating sample to those that received any PMM doctors, to estimate the
marginal effect of receiving an PMM doctor on hospitalisations and mortality.

If we were seeking to estimate the marginal effect in this setting an obvious solution
would be to use a difference-in-differences identification strategy with a continuous
treatment, in place of the usual binary treatment. Indeed, previous studies used a
difference-in-differences specification to estimate the effects. However, there are
several issues with this empirical strategy in our setting.
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FIGURE 4.2: Number of Physicians in our study period, by physician type (PMM and
non-PMM) and never-treated municipalities.

Note: Figure shows the number of physicians over time. Green line represents total physician numbers
(both PMM and non-PMM) for municipalities that eventually received PMM-physicians. Blue line
represents PMM physicians. Red line represents non-PMM physician numbers for municipalities that
did receive PMM physicians. Yellow line represents the number of physicians in municipalities that
never received any PMM doctors.

Firstly, the major concern when analysing the impact of the increase in PMM
physicians is that the allocation to municipalities may not be random. The programme
itself had a priority criteria, and although this criteria was not well adhered to
(between 2013 and 2014, 22.3% of receiving municipalities did not meet the priority
criteria (Oliveira et al., 2016)) the aim of the programme was to allocate PMM doctors
to underserved areas, and therefore by design, the allocation was not intended to be
random. There is also potential for a further form of self-selection into receiving PMM
doctors, as municipalities were required indicate they wanted to receive PMM doctors
(Mattos and Mazetto, 2019). The eventual allocation of the programme makes it
somewhat more difficult to determine whether the assignment was indeed random or
not. However, the difference-in-differences identification requires a less restrictive
assumption than random assignment into treatment. Instead, for the difference
difference-in-differences estimate to be an unbiased estimate, it is required that there
are no time-varying municipality unobservables. This is usually called the “parallel
trends” assumption and requires that municipalities would have followed the same
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trajectory if they had not received the treatment. To assess whether this holds in a
particular setting an event-study is usually estimated to check the pre-treatment time
dynamics. To assess whether the the parallel trends assumption holds in our setting
we estimate the following model:

Yi,t = β0 +
−11

∑
l=−2

βl
preDl

i,t × Treatmenti + βpostPosti,t × Treatmenti + λt + µi + ei,t (4.1)

Where Yi,t represents total hospitalisations or mortality per 1,000 population, Dl
i,t is a

dummy variable taking value 1 if municipality i is l periods pre-treatment in period t.
Treatmenti is an indicator variable which takes value 1 if municipality i ever received a
PMM physician in our data. Posti,t is an indicator variable taking value 1 if
municipality i is in a post-treatment period at time t. λt and µi are period and
municipality fixed-effects respectively. We present results of this precise specification,
as well as specifications including control variables, and linear time trends for the
control variables in table 4.2 3

We find that there is indeed evidence that the parallel trends assumption does not
hold in our setting. Looking at columns (1) to (3) of table 4.2, we find that in most
pre-periods there is no evidence of differential trends in terms of hospitalisations.
However, there is some evidence that two periods prior to receiving a PMM treatment
and control groups do diverge, namely hospitalisation rates decrease in treated
municipalities. This differing trend is more pronounced when looking at total
mortality in columns (4) to (6). For mortality, there appears to be a significantly lower
mortality rate in the five periods prior to receiving a PMM doctor. These results
suggest that there are significant differences in the time trends of treatment and
control groups, and therefore the parallel trends assumption is violated in our setting.
This makes the difference-in-differences estimator problematic.

The second concern with regards to the use of a difference-in-differences in our setting
is that the adoption of the policy was staggered, in other words, different
municipalities received their first PMM doctor at different times, and indeed received
a different number of PMM doctors. There is a substantial recent, and growing,
literature on the issue of estimates being biased when using a two-way fixed-effects
(TWFE) difference-in-difference in a staggered roll-out setting (Borusyak and Jaravel,
2017; Athey and Imbens, 2018; Callaway and Sant’Anna, 2020; de Chaisemartin and
D’Haultfœuille, 2020; Sun and Abraham, 2020; de Chaisemartin and D’Haultfoeuille,
2021; Goodman-Bacon, 2021; Roth and Sant’Anna, 2021). Previous studies on the

3The time-varying control variables included are: density of non-PMM primary care doctors, density
of nurses, beds and health facilities, and percentage with private healthcare insurance. Additionally, time-
invariant control variables interacted with the linear-time trends are: percentage of population in extreme
poverty, percentage of population in rural areas, per capita income, and total municipality population.
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Total hospitalisation rate Total mortality rate

(1) (2) (3) (4) (5) (6)

Treatment× Post 0.056 0.095 0.204 -0.035∗∗ -0.038∗∗ -0.043∗∗∗

(0.189) (0.191) (0.189) (0.013) (0.013) (0.013)

Treatment× Ttreat − 2 -0.262∗ -0.247 -0.276∗ -0.081∗∗∗ -0.081∗∗∗ -0.079∗∗∗

(0.133) (0.132) (0.132) (0.015) (0.015) (0.015)
Treatment× Ttreat − 3 0.010 0.034 -0.017 -0.049∗∗ -0.049∗∗ -0.045∗∗

(0.196) (0.196) (0.194) (0.015) (0.015) (0.015)
Treatment× Ttreat − 4 0.137 0.161 0.099 -0.057∗∗∗ -0.058∗∗∗ -0.051∗∗

(0.228) (0.226) (0.224) (0.017) (0.017) (0.017)
Treatment× Ttreat − 5 0.136 0.153 0.084 -0.054∗∗ -0.054∗∗ -0.047∗∗

(0.269) (0.267) (0.265) (0.018) (0.018) (0.018)

Municipality Fixed Effects Yes Yes Yes Yes Yes Yes
Period Fixed Effects Yes Yes Yes Yes Yes Yes
Controls No Yes Yes No Yes Yes
Controls × Linear Time Trend No No Yes No No Yes

Number of Municipalities 3,542 3,542 3,542 3,542 3,542 3,542
Observations 70,844 70,844 70,844 70,844 70,844 70,844

Ttreat − k is a binary indicator denoting k periods prior to receiving municipalities first PMM doctor, which happened in period Ttreat . Regressions are
estimated using a balanced panel. Control variables included are: density of non-PMM primary care doctors, density of nurses, beds and health facilities,
percentage of population in extreme poverty, percentage of population in rural areas, percentage with private healthcare insurance, per capita income, total
municipality population. All specifications included eleven pre-treatment periods, however only five treatment-period interactions are presented here. Treated
municipalities are “pruned” so that at most eleven pre-treatment periods are included in the regressions. Cluster-robust standard errors are presented in the
parentheses, and are clustered at the municipality level. *** denotes P-value of 0.01 or less , ** denotes P-value of 0.05 or less, * denotes P-value of 0.10 or less

TABLE 4.2: Two-way Fixed Effects Estimates of the impact on total hospitalisations
and mortality, including pre-trends

PMM by Fontes et al. (2018); Carrillo and Feres (2019); Mattos and Mazetto (2019);
Hone et al. (2020) have overcome this issue by using the period of initial roll-out of the
programme as the post treatment period for municipalities. Although this approach
would likley provide unbiased estimates due to the variation in treatment timing
being removed, it is also likely that the estimates would be an underestimate of the
true effect. It is possible to estimate an unbiased treatment effect in a setting staggered
roll-out, and much of this recent literature have proposed estimators to do so, however
many of these estimators require a binary treatment, unlike the continuous treatment
effect we seek to use in this paper. de Chaisemartin and D’Haultfoeuille (2021) is an
example that does allow the use of a continuous treatment under staggered adoption.
The issue with de Chaisemartin and D’Haultfoeuille’s estimator is that it still requires
the parallel trends assumption to hold, which, as shown, is not the case in our setting.

The final concern is that receiving a PMM doctor was not an “absorbing state”, in the
sense that some municipalities received PMM doctors and then at some point after
receiving PMM doctors the municipality is observed to have no PMM doctors. The
flow of PMM is doctors is somewhat more dynamic than what is assumed using a
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difference-in-differences specification4.

These issues make the difference-in-differences estimator problematic in our setting.
Our solution to this is to use a generalised synthetic control estimator with a
continuous treatment (Powell, 2021), to estimate the effect of a marginal increase in
PMM doctors on hospitalisations and mortality. The GSC methodology is an attractive
methodology for our setting, and has previously been found to outperform
difference-in-differences and interactive fixed effects methodologies in simulations
(O’Neill et al., 2020). The GSC estimator has a number of useful advantages over
traditional synthetic control and difference-in-differences estimators, some of which
are particularly salient in this context.

Firstly, Powell (2021)’s GSC estimator, and synthetic control estimators more generally,
does not require the assumption of parallel trends (Abadie, 2021). Instead of
comparing the trends of treated units to control units, and ensure they are reasonable
comparisons by making sure their trends are parallel, synthetic control estimators
optimally choose a weighted combination of other units, so that the synthetic control,
by construction, is a reasonable control unit to the corresponding treated unit, and
therefore follows a similar time trend.

Secondly, the GSC estimator does not suffer from biases that TWFE
difference-in-differences estimators do when the treatment roll-out is staggered. The
coefficient of a TWFE difference-in-differences estimator do not correspond to an
average treatment effects (ATE) when treatment effects are heterogeneous across time
or units (Roth et al., 2022), which is the case in a staggered roll-out setting. To correctly
estimate an ATE, using a TWFE difference-in-differences, the treatment effect must be
constant, which excludes staggered roll-out or event studies in many cases. The
synthetic control estimator avoids these issues because it does not impose any
restrictions on treatment effect heterogeneity. The synthetic control estimates a
treatment effect for each treated unit by simply comparing the differences between the
treated unit and its corresponding synthetic control. Therefore, technically the
synthetic control estimator not only allows a different treatment effect to be estimated
for each treated unit but also for each time unit. Given that the synthetic control
estimator can estimate these heterogeneous treatment effects, the bias arising from
staggered roll-out is not a concern.

Additionally, the GSC estimator allows us to limit our sample to only treated
municipalities. Limiting our sample to only treated municipalities is a very useful
advantage of this methodology. As municipalities themselves were able to apply to
receive PMM doctors and assignment was designed not to be random, and indeed we
show that the trends of treated and non-treated differ prior to receiving treatment.

4Again, de Chaisemartin and D’Haultfoeuille (2021) does propose a difference-in-differences estimator
that does not require this restriction.
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This is a concern when estimating treatment effects because the selection into the
treatment may be inducing bias into our estimate of the treatment effect. If
municipalities that received the treatment were systematically different to those that
did not receive the treatment then our estimates would be biased. In our analysis,
limiting the sample to only municipalities that received PMM doctors eliminates this
concern, as we are comparing municipalities that received PMM doctors with each
other, rather than estimating the treatment to be the difference between treated and
untreated municipalities.

Finally, the GSC estimator is able to estimate a treatment effect for a continuous
treatment variable, which is the primary aim of this paper.

4.4.1 Generalised Synthetic Control

The basic idea behind the traditional synthetic control estimator (Abadie et al., 2010,
2015, 2020; Abadie, 2021) is to generate a counterfactual unit from the units not
exposed to the policy. The counterfactual unit, which is named the synthetic control, is
a weighted average of untreated units, where the optimal weights are such that the
synthetic control resembles the treated unit had it not been treated. The weights are
chosen so that the synthetic control resembles the pre-treatment characteristics of the
treated unit. The treatment effect is then simply the difference between the outcome of
the treated unit and the synthetic control. 5

Powell (2021)’s GSC extends this approach beyond a case study with single treated
unit and instead allows for many treated units and a continuous or multiple discrete
treatment variables, by estimating a synthetic control for each unit, whether treated or
not. Unlike the traditional synthetic control estimator, because the GSC creates a
synthetic control for each of many treated units, the variation in the treatment
intensity can be exploited to estimate a continuous treatment effect.

Powell models outcomes in the following way:

YN
i,t = δt + λtµi + εit (4.2)

Yi,t = YN
i,t + αDi,t (4.3)

where YN
i,t denotes the untreated outcome for municipality i in time t, δt is an

unknown constant common factor, λt is a vector of unobservable common factors, µi

is a vector of unknown factor loadings, and the error term εit is the unobserved shocks

5A formal illustration of the traditional synthetic control is available in Abadie et al. (2010), Abadie
et al. (2015) and Abadie (2021).
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to municipality i in time t which has mean zero. Di,t is a vector of treatment variables,
which in our case is the continuous measure of PMM doctor numbers, and α is a
vector of treatment effects.

As with the standard synthetic control estimator (Abadie et al., 2010, 2015; Abadie,
2021), the estimation comes from the assumption that a counter-factual unit for each
municipality can be estimated using a weighted sum of the donor municipalities. For
municipality i the counter-factual, or the synthetic control, is the weighted average of
all other municipalities:

YN
i,t = ∑

j 6=i
ω

j
iY

N
j,t (4.4)

Where ω
j
i denotes the weight assigned to municipality j to generate the synthetic

control for municipality i, where the weights are usually constrained to be
non-negative and sum to 1. Under this assumption, it is possible to estimate α by
minimising the following objective function:

argmin
b,φ1∈ω1,...,φN∈ΩN

 1
2NT

N

∑
i=1

T

∑
t=1

[
Yit −D

′
itb−∑

j 6=i
(φ

j
i (Yjt −D

′
jtb))

]2
 (4.5)

Where D
′
it can be a a vector of indicator, continuous or interaction variables.

∑j 6=i(φ
j
i (Yjt −D

′
jtb) is the untreated outcome of municipality i, or the counter-factual

outcome YN
i,t derived from equation 4.3.

4.4.1.1 Implementation

We now present how Powell’s GSC was implemented in our setting. In our analysis
we model outcomes in the same way as Powell:

YN
i,t = δt + λtµi + εit (4.6)

Yi,t = YN
i,t + αDi,t (4.7)

Where Yi,t denotes hospitalisation or mortality rates in municipality i in period t. YN
i,t

are the hospitalisations or mortality rates had the municipality not been treated. Di,t is
PMM doctor density, and as above δt is an unknown constant common factor, λt is a
vector of unobservable common factors, µi is a vector of unknown factor loadings,
and the error term εit is the unobserved shocks to municipality i in time t which has
mean zero. Finally, α is the treatment effect of PMM doctors which we are seeking to
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estimate. The counter-factual unit YN
i,t exists by assumption, however we weight

municipalities that have better fitting synthetic controls in the pre-period higher than
those that fit less well when estimating α.

Powell (2021) states that it is possible to jointly estimate ω
j
i and b from equation 4.5 by

minimising the objective function with respect to both parameters. Although this is
possible in our setting, the computational burden of this approach as well as us
observing a pre-treatment period for all municipalities leads us to diverge from this
approach somewhat. Because we observe a pre-treatment period, we are able to
estimate the synthetic control weights ω

j
i using only pre-treatment periods where we

can guarantee that both D
′
itb = 0 and ∑j 6=i φ

j
i D
′
jtb = 0. Therefore, we estimate the

synthetic control weights ω
j
i for all municipalities using pre-treatment periods.

Candidates for the synthetic control of municipality i are municipalities which are in
the same federal unit as municipality i 6. We estimate synthetic controls for each
municipality in the usual way proposed by Abadie et al. (2010, 2015, 2020) and we
include a number of observable covariates to estimate these weights, named the
predictor variables. These predictor variables include: density of nurses, beds and
health facilities, percentage of population in extreme poverty, percentage of
population in rural areas, percentage with private healthcare insurance, per capita
income, total municipality population, as well as the outcome for each pre-treatment
year and density of non-PMM primary care doctors for each pre-treatment year. Given
these synthetic control weights ω

j
i , we are then able to estimate the treatment effect α

from equation 4.7, and do so by regressing the difference between the observed and
synthetic outcomes YN

i,t −∑j 6=i ω
j
iY

N
j,t on the difference in treatment intensity (PMM

physicians density) DN
i,t −∑j 6=i ω

j
i D

N
j,t.

In summary, our procedure is as follows:

1. Generate Synthetic control weights ω
j
i for each municipality i. These weights are

estimated using the pre-treatment periods 2007-2012 and predictor variables. In
periods 2007-2012 no municipality received PMM doctors and therefore:
D
′
itb = 0 and ∑j 6=i φ

j
i D
′
jtb = 0. Municipality j is considered as a donor for

municipality i, if i and j are in the same Federal unit, and that we have data on
municipality j for at least as long as municipality i.

2. Use weights from step 1 to generate synthetic outcomes ∑j 6=i φ
j
iYjt and synthetic

treatment ∑j 6=i φ
j
i D
′
jt for each municipality and each period.

6We do this for two reasons. The first is computational. Estimating a synthetic control for each of
5570 municipality in our sample using all other municipalities in our sample is extremely computationally
intensive. Secondly, municipalities within the same Federal Unit are likely better candidates for a synthetic
control because many health related policies and administrative decisions are made at the federal level,
therefore municipalities in the same Federal unit are more likely to be exposed to similar shocks. There is
also a further concern that we may be over-fitting the synthetic control (Abadie, 2021). By minimising the
pool of donors, this would be less of a concern.



4.4. Identification Strategy 139

3. Create “synthetic control fit” weights, so that better fitting synthetic controls are
more heavily weighted in the estimation than synthetic controls that fit less well.
We consider the pre-treatment fit of synthetic controls, and for each municipality
i. The “synthetic control fit” weight is:

Ω̂i =
1(√

1
T0

∑
T0
t=1

[
Yit−∑j 6=i ŵj

iYjt

]2
) . Where T0 is period prior to the first municipality

receiving a PMM doctor.

4. Finally, we estimate α by regressing Yit −∑j 6=i ŵj
iYjt on D

′
it −∑j 6=i ŵj

iD
′
jt, and

using the “synthetic control fit” weights from step 3.

4.4.2 Covariate balance

The key identifying assumption of the GSC estimator is that a synthetic control can be
estimated for each municipality, such that YN

i,t = ∑j 6=i ω
j
iY

N
j,t (Powell, 2021). As

discussed in section 4.4.1, we do weight better fitting units higher than poorly fitting
units, however this procedure does not per se ensure that this assumption holds when
estimating the treatment effects. Therefore, we present the root mean squared error
(RMSE) of the estimated synthetic control (∑j 6=i ω

j
iY

N
j,t ) compared to the observed

outcome (YN
i,t ) for the years prior to initial PMM roll-out (T0). In doing so, we provide

evidence that the necessary assumption holds in our setting. We also present the
weighted RMSE, which use the weights from step 3 of the procedure in section 4.4.1.1.
In addition, we present the RMSE of predictor variables used for estimating the
synthetic controls.

An additional concern is that our estimates are substantially impacted from leaving
out important predictor variables when generating the synthetic controls. It is possible
that if we leave out an important variable we may be generating synthetic controls
that are poor comparisons for municipalities. To ensure that this is not the case, we
estimate synthetic controls for each municipality using no additional predictor
variables, only the outcomes and the number of non-PMM doctors for each year prior
to T0, and an alternative set of predictor variables 7.

Tables 4.3 and 4.4 presents the RMSE for total hospitalisation rate as the outcome, for
the binary treatment and continuous treatment models respectively. Figures 4.3 and
4.4 show the RMSE of the hospitalisation rate for pre-PMM roll-out periods and each

7These variables were chosen by doing a prediction exercise, to predict whether a municipality would
ever receive a PMM doctor. The alternative set of predictor variables are: whether ruling party was in
opposition to PMM, municipality area, distance to municipality capital, health spending per person, av-
erage winter rainfall, average summer rainfall, ratio of population over 65 years of age, percentage of
school attendance of the population aged 25 to 29 years old, percentage of the income of the poorest 20%,
percentage employed in the trade sector, percentage of the population living in households with piped
water, percentage of people in households with water supply and sanitation inadequate, and total rural
population.
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specification. For the outcome variables in all hospitalisation models the RMSE is
approximately 11% of the mean value of hospitalisations. When we weight better
fitting synthetic controls higher, we find that this difference reduces to approximately
2.5% of the mean outcome. The graphical representation of the RMSE of
hospitalisation rate shows that the RMSE is stable for each pre-PMM roll-out period,
aside from a substantial rise in RMSE in the period prior to PMM roll-out for
non-weighted specifications. The main specification shows the biggest rise in both the
binary and continuous models, but when we do the weighting procedure to improve
fit, we not only substantially reduce RMSE overall but also remove this increase in
RMSE in the period pre roll-out.

Total hospitalisations rate - Binary Treatment Model

Main Specification No Predictor Variables Alternative Predictor Variables

RMSE Weighted RMSE RMSE Weighted RMSE RMSE Weighted RMSE

Total hospitalisations rate

T0 − 11 3.4037 0.8892 2.9068 0.8466 3.2337 0.9186
T0 − 10 3.5396 0.8871 3.1651 0.8654 3.5868 0.9147
T0 − 9 3.6947 0.8989 3.0556 0.8587 3.379 0.9092
T0 − 8 3.735 0.8885 3.2339 0.8608 3.5348 0.915
T0 − 7 3.8449 0.8865 3.3282 0.8662 3.4966 0.9348
T0 − 6 3.6931 0.8811 3.1946 0.8681 3.1473 0.9071
T0 − 5 3.7541 0.8793 3.1591 0.8558 3.1515 0.9082
T0 − 4 3.6604 0.8577 3.2736 0.8566 3.3224 0.8904
T0 − 3 3.6771 0.8722 3.0567 0.8629 2.9925 0.8908
T0 − 2 3.7347 0.8757 3.3144 0.868 3.2881 0.9072
T0 − 1 4.6275 0.9174 3.7366 0.8802 3.2306 0.9048

Predictor Variables

non-PMM Physicians per 1,000 0.1842 0.1228 0.2606 0.166 0.1907 0.1297

Nurses per 1,000 0.2643 0.1593 0.278 0.1701 0.2409 0.1509

Hospital Beds per 1,000 1.8308 0.8395 2.1756 0.9018 1.8939 0.8049

Health Facilities per 1,000 3.3888 2.0184 3.4723 2.0629 3.1817 1.8971

% with Private Insurance 9.2928 2.2881 9.7077 2.2947 7.8919 1.7613

Income per capita 165.7035 19.6608 167.1864 44.6907 143.7351 32.377

% of extreme poor 7.2772 1.3443 6.8626 1.6619 7.5085 1.9038

Population 249,653.1 7,655.394 205,386.9 4,441.169 163,770.8 6,788.176

% Rural Population 18.4018 6.5344 20.4081 4.5862 7.8919 1.7613

RMSE between the observed municipality observation, and their corresponding synthetic control. T0 denotes the period of initial PMM roll-out. Synthetic
controls were estimated using the variables used for the main specification, with no predictor variables, and with an alternative set of controls. All synthetic
controls were estimated using the outcome density of non-PMM primary care doctors for each year prior to roll-out. Main specification predictor variables
additionally include: density of nurses, beds and health facilities, percentage of population in extreme poverty, percentage of population in rural areas,
percentage with private healthcare insurance, per capita income, total municipality population. The alternative set of predictor variables are: whether ruling
party was in opposition to PMM, municipality area, distance to municipality capital, health spending per person, average winter rainfall, average summer
rainfall, ratio of population over 65 years of age, percentage of school attendance of the population aged 25 to 29 years old, percentage of the income of the
poorest 20%, percentage employed in the trade sector, percentage of the population living in households with piped water, percentage of people in households
with water supply and sanitation inadequate, and total rural population.

TABLE 4.3: Root Mean Squared Error (RMSE) of Total Hospitalisations and predictor
variables using estimated binary treatment GSC weights for all municipalities

It is reassuring to note that, for hospitalisation outcome models that include no
predictor variables, the RMSE are comparable in size. As may be expected the RMSE
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FIGURE 4.3: Root Mean Squared Error (RMSE) of Total Hospitalisation rate using es-
timated binary treatment GSC weights for all municipalities

Graphical representation of the RMSEs shown in Table 4.3. Each line shows the RMSE or weighted RMSE
for either the main, no predictor variables, or alternative predictor variables specifications for each
period pre-PMM roll-out.

of the outcomes are lower, however the predictor variables that are not included in
those synthetic controls estimates also have RMSEs of similar size, albeit larger in
magnitude. The synthetic controls using the alternative predictor variables also have
RMSEs of a similar magnitude. Therefore we are confident that if we excluded a
variable that was relevant for generating the synthetic control, or included one that
was not relevant, the synthetic controls estimates would not differ substantially.

Tables 4.5 and 4.6, present the binary treatment and continuous treatment models
respectively but for for total mortality rate. Figures 4.5 and 4.6 show the RMSE of the
mortality rate for pre-PMM roll-out periods for each specification. For mortality
models, the RMSE of the outcome variables follow a similar pattern as for
hospitalisations. Where the RMSE is approximately 10% of the mean value. Using the
weights, the RMSE reduces to approximately 3%. Once again, the RMSE when we use
no predictor variables when generating the synthetic controls are comparable,
however are larger in magnitude. The RMSE is also of a similar magnitude when we
use the alternative predictor variables when generating the synthetic controls. The
graphical analysis shows that the RMSE is quite stable. As with hospitalisations rate,
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Total hospitalisations rate - Continuous Treatment Model

Main Specification No Predictor Variables Alternative Predictor Variables

RMSE Weighted RMSE RMSE Weighted RMSE RMSE Weighted RMSE

Total hospitalisations rate

T0 − 11 3.5834 0.9215 2.9491 0.803 3.1199 0.88
T0 − 10 3.7343 0.9113 3.1972 0.8252 3.4664 0.885
T0 − 9 3.9457 0.9316 3.1224 0.8142 3.359 0.8862
T0 − 8 3.8193 0.9014 3.14 0.7949 3.2884 0.8826
T0 − 7 3.9913 0.9102 3.3428 0.8145 3.3019 0.8924
T0 − 6 3.8814 0.9025 3.2342 0.8141 3.1218 0.887
T0 − 5 3.872 0.8905 3.2462 0.7981 3.1941 0.887
T0 − 4 3.7441 0.8702 3.1631 0.7917 3.092 0.8617
T0 − 3 3.7704 0.8982 2.988 0.8014 2.9735 0.8765
T0 − 2 3.8756 0.8997 3.2112 0.8117 2.9731 0.8785
T0 − 1 4.7477 0.9421 3.7525 0.8231 3.0229 0.882

Predictor Variables

non-PMM Physicians per 1,000 0.1821 0.1215 0.2429 0.1569 0.2142 0.1405

Nurses per 1,000 0.2574 0.1531 0.2612 0.161 0.2433 0.1527

Hospital Beds per 1,000 1.7186 0.814 1.996 0.8768 1.9176 0.8429

Health Facilities per 1,000 3.2659 1.945 3.3411 2.0001 3.2682 1.9686

% with Private Insurance 9.1561 2.2706 9.2646 2.2107 8.1003 1.9101

Income per capita 165.7127 19.9137 167.097 45.2937 156.6949 37.6506

% of extreme poor 7.4302 1.5257 7.2035 1.8015 7.31 2.0828

Population 266,738.8 9,990.104 227,588.3 6,008.666 166,107 6,554.554

% Rural Population 18.6184 6.6612 20.5535 7.5271 20.5 7.4808

RMSE between the observed municipality observation, and their corresponding synthetic control. T0 denotes the period of initial PMM roll-out. Synthetic
controls were estimated using the variables used for the main specification, with no predictor variables, and with an alternative set of controls. All synthetic
controls were estimated using the outcome density of non-PMM primary care doctors for each year prior to roll-out. Main specification predictor variables
additionally include: density of nurses, beds and health facilities, percentage of population in extreme poverty, percentage of population in rural areas,
percentage with private healthcare insurance, per capita income, total municipality population. The alternative set of predictor variables are: whether ruling
party was in opposition to PMM, municipality area, distance to municipality capital, health spending per person, average winter rainfall, average summer
rainfall, ratio of population over 65 years of age, percentage of school attendance of the population aged 25 to 29 years old, percentage of the income of the
poorest 20%, percentage employed in the trade sector, percentage of the population living in households with piped water, percentage of people in households
with water supply and sanitation inadequate, and total rural population.

TABLE 4.4: Root Mean Squared Error (RMSE) of Total Hospitalisations and predictor
variables using estimated continuous GSC weights for treated municipalities

in the period pre-PMM roll-out there is a slight rise in RMSE for the non-weighted
specifications, whereas the weighted versions have RMSE which are much smaller in
magnitude and do not show this rise just pre roll-out.

We believe, therefore, that these statistics provide evidence that the synthetic controls
generated for each municipality are good matches due to the difference between the
actual outcomes and synthetic control outcomes being relatively small on average. We
are also confident that the synthetic controls are comparable in terms of characteristics
to the municipalities characteristics themselves, due to the RMSE of these
characteristics being relatively small. Reassuringly, excluding predictor variables, or
including an alternative set of predictor variables does not appear to have a
substantial impact of the fit of the synthetic controls for municipalities. Finally,
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FIGURE 4.4: Root Mean Squared Error (RMSE) of Total Hospitalisations and predictor
variables using estimated continuous GSC weights for treated municipalities

Graphical representation of the RMSEs shown in Table 4.4. Each line shows the RMSE or weighted RMSE
for either the main, no predictor variables, or alternative predictor variables specifications for each
period pre-PMM roll-out.

weighting better fitting does have a substantial impact on the RMSE, and is therefore a
useful step in ensuring that a the required assumption holds when estimating the
impact of PMM doctor density.

4.4.3 Inference

By design the synthetic control estimator creates correlations between units, because
each municipality potentially contributes to a synthetic control of another
municipality. Inference in this setting is potentially problematic, given that most
inference methods assume clusters are asymptotically independent. We use the CAI
inference procedure included in Powell (2021) 8. The CAI inference procedure
proposed by Powell allows for this within-unit dependence. Indeed, the procedure
allows for dependence across all observations, not only within clusters. This approach
is also preferred to the usual placebo-based inference usually used for SC, because

8Full details of the procedure are available in Powell (2021) and Powell (2020a).
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Total mortality rate - Binary Treatment Model

Main Specification No Predictor Variables Alternative Predictor Variables

RMSE Weighted RMSE RMSE Weighted RMSE RMSE Weighted RMSE

Total mortality rate

T0 − 11 0.2793 0.0891 0.3195 0.1121 0.2942 0.0954
T0 − 10 0.285 0.09 0.3203 0.1125 0.2945 0.0944
T0 − 9 0.2799 0.0905 0.3184 0.1119 0.2915 0.0937
T0 − 8 0.2817 0.0897 0.326 0.1123 0.297 0.0936
T0 − 7 0.2741 0.0888 0.3217 0.1135 0.2921 0.0955
T0 − 6 0.2882 0.0916 0.3193 0.1126 0.293 0.0951
T0 − 5 0.2848 0.0896 0.3241 0.1127 0.2985 0.0951
T0 − 4 0.3028 0.0903 0.3312 0.1135 0.3076 0.096
T0 − 3 0.2733 0.0891 0.3161 0.1123 0.285 0.094
T0 − 2 0.2776 0.09 0.3197 0.1141 0.285 0.0945
T0 − 1 0.2984 0.0923 0.331 0.1144 0.3061 0.0965

Predictor Variables

non-PMM Physicians per 1,000 0.1838 0.1265 0.2606 0.166 0.1974 0.1393

Nurses per 1,000 0.2629 0.1568 0.278 0.1701 0.2341 0.1488

Hospital Beds per 1,000 2.0722 0.8976 2.1756 0.9018 1.9751 0.8083

Health Facilities per 1,000 3.3877 2.0128 3.4723 2.0629 3.178 1.9026

% with Private Insurance 9.4742 2.1716 9.7077 2.2947 7.8273 1.6172

Income per capita 166.4536 38.8098 167.1864 44.6907 143.5939 30.5537

Proportion of extreme poor 6.9481 1.2964 6.8626 1.6619 7.2008 1.7489

Population 253,665.2 6,721.92 205,386.9 4,441.169 171,320.6 4,429

% Rural Population 6.9481 1.2964 20.4081 4.5862 19.4969 6.5581

RMSE between the observed municipality observation, and their corresponding synthetic control. T0 denotes the period of initial PMM roll-out. Synthetic
controls were estimated using the variables used for the main specification, with no predictor variables, and with an alternative set of controls. All synthetic
controls were estimated using the outcome density of non-PMM primary care doctors for each year prior to roll-out. Main specification predictor variables
additionally include: density of nurses, beds and health facilities, percentage of population in extreme poverty, percentage of population in rural areas,
percentage with private healthcare insurance, per capita income, total municipality population. The alternative set of predictor variables are: whether ruling
party was in opposition to PMM, municipality area, distance to municipality capital, health spending per person, average winter rainfall, average summer
rainfall, ratio of population over 65 years of age, percentage of school attendance of the population aged 25 to 29 years old, percentage of the income of the
poorest 20%, percentage employed in the trade sector, percentage of the population living in households with piped water, percentage of people in households
with water supply and sanitation inadequate, and total rural population.

TABLE 4.5: Root Mean Squared Error (RMSE) of Total Mortality and predictor vari-
ables using estimated binary GSC weights for all municipalities

those inference procedure rely on a binary treatment variable which we do not have in
our case.

Briefly, the CAI works by imposing the null hypothesis (α = 0) and generating a
gradient for each observation. This gradient is the difference in the dependent variable
(PMM doctor density) between municipality i and its synthetic control, multiplied by
the residual of the model under the null hypothesis. Independent scores are generated
for each cluster using principal component analysis, which are used to create the Wald
statistic. The Wald statistic is simulated 999 times, using the Webb distribution
weights (Webb, 2014). Finally, p-values are calculated by computing the proportion of
simulated test statistics which are greater than the non-simulated test statistic.
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FIGURE 4.5: Root Mean Squared Error (RMSE) of Total Mortality and predictor vari-
ables using estimated binary GSC weights for all municipalities

Graphical representation of the RMSEs shown in Table 4.5. Each line shows the RMSE or weighted RMSE
for either the main, no predictor variables, or alternative predictor variables specifications for each
period pre-PMM roll-out.

In our setting we have a case where the number of municipalities N is large, however
the number of time periods are fewer. Powell states that the CAI inference method is
still valid in the circumstance, however time periods should be treated as the clusters,
rather than each unit, or municipalities in this case. We report the p-values calculated
using this procedure in our results table in parentheses.

4.5 Results

This section present results for both binary and continuous treatment for the impact of
the PMM on hospitalisations and mortality rates. Alongside total hospitalisations and
mortality rates, we also present hospitalisations and mortality rates by ambulatory
care sensitive conditions (ACS) and non-ambulatory care sensitive conditions
(non-ACS), both once again being per 1,000 population. As previously mentioned, a
priori if we observe a decrease in total hospitalisations and mortality rates then we
would expect these changes to be driven by ACS conditions, rather than non-ACS
conditions. ACS conditions are ones in which mortality and hospitalisation risk can be
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Total mortality rate - Continuous Treatment Model

Main Specification No Predictor Variables Alternative Predictor Variables

RMSE Weighted RMSE RMSE Weighted RMSE RMSE Weighted RMSE

Total mortality rate

T0 − 11 0.279 0.0908 0.2959 0.0977 0.2895 0.0975
T0 − 10 0.2751 0.09 0.2953 0.0986 0.2848 0.0962
T0 − 9 0.2726 0.09 0.2911 0.0973 0.2875 0.0971
T0 − 8 0.2726 0.0902 0.2979 0.0989 0.2866 0.0961
T0 − 7 0.273 0.0894 0.2962 0.0982 0.29 0.0971
T0 − 6 0.28 0.0914 0.2995 0.0984 0.2957 0.0976
T0 − 5 0.2786 0.0907 0.2989 0.0981 0.2978 0.097
T0 − 4 0.2891 0.0896 0.2987 0.0984 0.2819 0.0954
T0 − 3 0.2781 0.0906 0.2914 0.0979 0.289 0.0968
T0 − 2 0.2751 0.0897 0.2928 0.0988 0.287 0.097
T0 − 1 0.2872 0.0921 0.3028 0.0989 0.2961 0.0966

Predictor Variables

non-PMM Physicians per 1,000 0.1806 0.1238 0.2431 0.1644 0.2147 0.1478

Nurses per 1,000 0.2512 0.1489 0.256 0.1582 0.2414 0.1499

Hospital Beds per 1,000 1.9848 0.8252 2.3487 0.9088 2.0115 0.8199

Health Facilities per 1,000 3.2647 1.9462 3.34 1.9875 3.1818 1.8967

% with Private Insurance 9.2526 2.0626 9.277 1.9975 8.1085 1.6632

Income per capita 164.1567 39.5877 168.313 42.1729 150.212 33.5373

Proportion of extreme poor 7.1741 1.3108 6.9907 1.4201 7.1509 2.0219

Population 270,266.4 8,592.734 228,256.3 5,924.672 182,550.3 6,692.126

% Rural Population 18.4818 5.4354 20.6628 7.3585 20.5937 7.5368

RMSE between the observed municipality observation, and their corresponding synthetic control. T0 denotes the period of initial PMM roll-out. Synthetic
controls were estimated using the variables used for the main specification, with no predictor variables, and with an alternative set of controls. All synthetic
controls were estimated using the outcome density of non-PMM primary care doctors for each year prior to roll-out. Main specification predictor variables
additionally include: density of nurses, beds and health facilities, percentage of population in extreme poverty, percentage of population in rural areas,
percentage with private healthcare insurance, per capita income, total municipality population. The alternative set of predictor variables are: whether ruling
party was in opposition to PMM, municipality area, distance to municipality capital, health spending per person, average winter rainfall, average summer
rainfall, ratio of population over 65 years of age, percentage of school attendance of the population aged 25 to 29 years old, percentage of the income of the
poorest 20%, percentage employed in the trade sector, percentage of the population living in households with piped water, percentage of people in households
with water supply and sanitation inadequate, and total rural population.

TABLE 4.6: Root Mean Squared Error (RMSE) of Total Mortality and predictor vari-
ables using estimated continuous GSC weights for treated municipalities

reduced through early detection, or preventative treatments, which are usually
delivered through a primary care setting.

For the binary treatment estimates all municipalities in the same federal unit as
municipality i are considered to be donors for the synthetic control. We also don’t
restrict the treatment to be an absorbing state for the binary treatment models, and
municipalities are allowed to move in and out of treatment. For the continuous
treatment effect, as donors for the synthetic control of municipality i we use only
municipalities that are in the same federal unit and that received any PMM doctors.

Alongside the GSC results, we present two-way fixed effects difference-in-differences
estimates (TWFE Diff-in-Diff). For the TWFE Diff-in-Diff we use the time in which a
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FIGURE 4.6: Root Mean Squared Error (RMSE) of Total Mortality and predictor vari-
ables using estimated continuous GSC weights for all municipalities

Graphical representation of the RMSEs shown in Table 4.6. Each line shows the RMSE or weighted RMSE
for either the main, no predictor variables, or alternative predictor variables specifications for each
period pre-PMM roll-out.

municipality received their first PMM doctor as the treatment period, rather than
using the period of initial programme roll-out, therefore there is a staggered
treatment. TWFE Diff-in-Diff estimates include the same set of predictor variables
which are used in the synthetic control procedure. The time-varying control variables
included are: density of non-PMM primary care doctors, density of nurses, beds and
health facilities, and percentage with private healthcare insurance. Additionally,
time-invariant control variables interacted with the linear-time trends are: percentage
of population in extreme poverty, percentage of population in rural areas, per capita
income, and total municipality population.

It is worth noting that the number of observations for the GSC estimates are
approximately half the number of observations for the Diff-in-Diff estimates, this is
due to only the period post PMM implementation being used for estimating the
treatment effect. As discussed in section 4.4.1.1, the period before the PMM roll-out
began is used to estimate the synthetic control weights for each municipality.

We report p-values for both the GSC and the TWFE Diff-in-Diff estimators in
parentheses. Also, we report weighted RMSE of the pre PMM roll-out difference
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between the synthetic control outcome and the observed outcome, using the weights
calculated in step 3 of the procedure in section 4.4.1.1.

4.5.1 Hospitalisations

Table 4.7 presents estimates of the impact of the PMM on hospitalisations. Firstly,
estimates of the binary treatment models are presented in panel (a). We find no
evidence of an impact of the PMM itself on total number of hospitalisations in any of
the specifications we present. We also find no evidence of an effect when we
separately analyse ambulatory care sensitive conditions and non-ambulatory care
sensitive conditions.

Binary Treatment

TWFE Diff-in-Diff GSC Estimates

Total ACS non-ACS Total ACS non-ACS
Panel (a)

PMM Treatment 0.0725 0.0433 0.0292 -0.7696 -0.1999 0.0170

P-values (0.788) (0.759) (0.864) (0.286) (0.298) (0.232)

Weighted RMSE 0.882 3.343 3.531
Number of Municipalities 3,542 3,522

Number of Observations 77,924 38,742

Continuous Treatment

TWFE Diff-in-Diff GSC Estimates

Total ACS non-ACS Total ACS non-ACS

Panel (b)

PMM Doctor Density 2.1834 -0.4126 2.5960 -3.8739 -0.2914 -2.9419

P-values (0.122) (0.564) (0.005) (0.087) (0.171) (0.706)

Weighted RMSE 0.903 3.259 3.359
Number of Municipalities 3,097 3,081

Number of Observations 68,134 33,891

Binary treatment estimates use a binary measure of PMM doctor (whether ever received a PMM doctor) and use all municipalities. Continuous treatment
estimates use continuous measure of PMM doctors (per 1,000) and use only municipalities that received PMM doctors. GSC estimates use procedure outlined
in 4.4.1.1, and p-values are calculated using the inference procedure outline in section 4.4.3. TWFE Diff-in-Diff estimates are estimated with both municipality
and period fixed effects, and linear time trends of control variables. TWFE Diff-in-Diff estimates include the same set of control variables which are used in
the synthetic control procedure: density of non-PMM primary care doctors, density of nurses, beds and health facilities, percentage of population in extreme
poverty, percentage of population in rural areas, percentage with private healthcare insurance, per capita income, total municipality population. P-values for
TWFE Diff-in-Diff specifications are calculated using cluster-robust standard errors, clustered at the municipality level.

TABLE 4.7: Binary and continuous treatment estimates of effect of PMM doctors on
hospitalisations using difference-in-differences and generalised synthetic control
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Panel (b) of table 4.7 presents estimates of our main results, the marginal impact of
PMM doctors, where a continuous measure of physician density is used. For total
hospitalisations, we find that the TWFE Diff-in-Diff estimates a statistically
insignificant effect, whereas for the GSC there is suggestive evidence of a decrease of
3.9 total hospitalisations per 1,000 population for an increase in one PMM physician
per 1,000 population. However, when we break down this effect by ACS and non-ACS
conditions, our estimates are not statistically significant. This may be due to these
models fitting less well to pre roll-out outcomes, as is shown by the weighted RMSE.

In general, we find some evidence of a decrease in hospitalisations from an increase in
primary care physician supply, but we are unable to determine whether this is driven
by ACS or non-ACS hospitalisations.

4.5.2 Mortality

Table 4.8 presents estimates of the impact of the PMM on mortality. As for
hospitalisations, panel (a) presents the binary treatment models. Once again, we find
no evidence that there are significant changes in total mortality as a result of
municipalities receiving a PMM in any of our specifications. Indeed, we also find no
evidence that mortality from ACS or non-ACS changes as a result of a municipality
participating in the PMM.

When we analyse the impact of mortality using the continuous measure of PMM
doctor density, we once again find no evidence of an impact on total or ACS
mortalities. However, for our TWFE Diff-in-Diff there is evidence of a significant
increase in non-ACS mortality. When using the GSC estimator, we find no evidence
that there were significant changes in mortality as a result of an increase in PMM
physicians.

4.6 Conclusion

This paper provides estimates of the impact of an increase in primary care physician
supply on hospitalisations and mortality. We do so by exploiting an expansion of
primary care physician in Brazil, which was mostly driven by importing Cuban
doctors to work in areas considered to be underserved by primary care healthcare at
the time. Using Powell’s generalised synthetic control methodology, we estimate the
policy effect of the PMM on hospitalisations and mortality, and also importantly, we
estimate the marginal effect of an increase in primary care physicians.

Comparing our results to previous studies, in terms of mortality our results broadly
concur with those of Carrillo and Feres (2019) who find no evidence of an impact of
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Binary Treatment

TWFE Diff-in-Diff GSC Estimates

Total ACS non-ACS Total ACS non-ACS
Panel (a)

PMM Treatment -0.0105 -0.0092 -0.0013 -0.0176 -0.0033 0.0299

P-values (0.360) (0.150) (0.886) (0.305) (0.304) (0.262)

Weighted RMSE 0.008 0.202 0.218
Number of Municipalities 3,544 3,524

Number of Observations 77,968 38,764

Continuous Treatment

TWFE Diff-in-Diff GSC Estimates

Total ACS non-ACS Total ACS non-ACS

Panel (b)

PMM Doctor Density 0.0614 -0.0498 0.1112 -0.0971 0.2051 -0.3436

P-values (0.326) (0.151) (0.040) (0.985) (0.420) (0.518)

Weighted RMSE 0.090 0.192 0.205
Number of Municipalities 3,099 3,083

Number of Observations 68,178 33,913

Binary treatment estimates use a binary measure of PMM doctor (whether ever received a PMM doctor) and use all municipalities. Continuous treatment
estimates use continuous measure of PMM doctors (per 1,000) and use only municipalities that received PMM doctors. GSC estimates use procedure outlined
in 4.4.1.1, and p-values are calculated using the inference procedure outline in section 4.4.3. TWFE Diff-in-Diff estimates are estimated with both municipality
and period fixed effects, and linear time trends of control variables. TWFE Diff-in-Diff estimates include the same set of control variables which are used in
the synthetic control procedure: density of non-PMM primary care doctors, density of nurses, beds and health facilities, percentage of population in extreme
poverty, percentage of population in rural areas, percentage with private healthcare insurance, per capita income, total municipality population. P-values for
TWFE Diff-in-Diff specifications are calculated using cluster-robust standard errors, clustered at the municipality level.

TABLE 4.8: Binary and continuous treatment estimates of effect of PMM doctors on
mortalityusing difference-in-differences and generalised synthetic control

the PMM programme itself on health, and we find similar results in terms of mortality.
Indeed, in terms of mortality our results are also similar to Mattos and Mazetto (2019)
in that we find limited evidence of an impact on mortality. However, our results and
Mattos and Mazetto are different to those of Hone et al. (2020), who found there to be
a significant reduction in amendable mortality as a result of the PMM. In terms of
hospitalisations, we find no evidence that participation in the programme itself had
any impact on hospitalisations, and these results are in agreement with those of
Mattos and Mazetto (2019), who find no evidence of an impact on total
hospitalisations, although they do find participation in the programme decreased
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hospitalisations from infectious and parasitic diseases. However, both ours and
Mattos and Mazetto’s results are in contrast to those of Fontes et al. (2018) who find a
significant reduction in mortality from ACS conditions. In terms of the impact of
PMM doctor density, we know of no other studies that have estimated this marginal
effect and therefore we are unable to compare those results.

Although there is substantial discussion on the importance of primary care in
improving national health and further claims that there are insufficient numbers of
physicians to provide this care (World Health Organisation, 2006; Gladu, 2007;
Gorman and Brooks, 2009; Petterson et al., 2012; Truglio et al., 2012; Frisch, 2013;
Hoyler et al., 2014; Islam, 2014; Majeed, 2015; The Kaiser Family Foundation, 2020).
Although we find there to be a decrease in hospitalisations from increasing primary
care physician density, we find no evidence of primary care physicians impacting
population mortality. Our results question the notion that expanding the number of
primary care physicians would yield drastic improvements in health, and that doing
so would be a cost-effective means of improving population health.

However, there are several explanations of our results or potential reasons why our
results may not be generalisable beyond this setting. Firstly, it may be that the increase
in physicians did not have an immediate impact but would materialise in the longer
term, especially for mortality. In the long term, the expectation is that primary care
physicians would decrease mortality through administering preventative treatment
and managing long-term conditions that could eventually lead to premature death.
This is especially relevant when we consider that the leading causes of mortality in
our data were COPD (chronic obstructive pulmonary disease) and asthma, diabetes
and hypertension, all of which would benefit from long-term management from a
primary care physician. However because the the policy was short lived, due to
Cuban doctors being removed from Brazil in 2018, it may be the that the programme
was not given sufficient time to yield significant benefits.

Secondly, given that many of the PMM doctors were from Cuba it is possible that their
effectiveness was limited. Although the PMM specifically required foreign doctors to
undertake training, which included background on the Brazilian healthcare system
and Portuguese language lessons (Mattos and Mazetto, 2019), it is possible that this
training was not sufficient enough for the PMM doctors be a perfect substitute for
Brazilian trained doctors. Indeed, although Silva et al. (2016) found that, in general,
patients were satisfied with the service that the foreign doctors provided, they also
note that many patients stated that communicating with their doctor was a barrier to
receiving quality treatment. Although, this does not change the interpretation of our
specific results, it may make the results less generalisable, in the sense that natively
trained doctors may be more able to communicate with patients and engage with the
healthcare system better. Therefore, we may expect that an increase in natively trained
physicians would have lead to an effect of a larger magnitude.
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Additionally, for an expansion of primary care doctors to indeed increase health
outcomes it requires that there was a need for services that were otherwise unmet.
Therefore, if in our setting the physician supply was in areas where there was no
unmet need, then we would not expect changes in hospitalisations or mortality. This
is unlikely to be the case in our setting however because the programme was
specifically designed to increase primary care doctor numbers in areas that were
underserved. Indeed, Hone et al. (2020) estimated heterogeneous impacts of the
programme itself by physician density prior to the roll-out, and Carrillo and Feres
(2019) do find that there was an increase in primary care doctor visits as a result of the
PMM, and therefore it is unlikely that this explains our results. However, on a related
point, we may not find a significant effect as a result of an increase in physician supply
because health professionals were already servicing patients needs. In particular,
Carrillo and Feres (2019) found that although prenatal visits by physicians increased,
prenatal visits by nurses decreased as a result of the PMM. This finding suggests that
PMM physicians, at least partly, substituted for the care given by nurses in receiving
municipalities. Given that nurses are able to “produce as high quality care as primary
care doctors and achieve as good health outcomes for patients” (Laurant et al., 2005),
the increase in doctor numbers may not be cost-effective and comparable care was
provided by nurses in these communities. Therefore, increasing physician supply in
areas where nurses are sufficiently trained and are able to meet the healthcare needs of
the population may not be an efficient use of public finance, if the policy objective is
simply to improve population health.

Finally, Hone et al. (2020) found evidence that PMM doctors substituted for non-PMM
doctors in municipalities that participated in the PMM, and indeed we show this in
Figure 4.2. They found that that although primary care doctor density did rise in
municipalities that received PMM doctors, the density of non-PMM doctors actually
fell. In municipalities that received PMM doctors the total primary care doctor density
rose by 5.74 per 100,000 but density of non-PMM doctors fell by 9.4 per 100,000. This
suggest that there was a “pass through rate” of PMM doctors of less than one. A unit
PMM doctor increase per 1,000 did not lead to a one unit increase in overall primary
care physicians, but instead equated to a 0.38 unit increase in primary care physicians
using Hone et al.’s estimates. However, although the pass through rate was less than
one, there was clearly still an increase in the supply of primary care physicians overall,
and again, we show this in Figure 4.2. Therefore we don’t believe that this explains
our null results. If there was indeed an impact of the increase in supply of physicians,
then this substitution would have impacted the scaling, or magnitude of our results,
but we would have still found statistically significant estimates.

The results in this paper question the notion that increasing primary care physician
density has a significant impact on population health, and that the deficit in physician
numbers would have a catastrophic impact on population health. We find no evidence
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that mortality rates are impacted by increasing physician density, although we do find
some evidence that hospitalisation rates are impacted beneficially. We do however
acknowledge that our results are short-run estimates of increasing physician supply,
and we are unable to estimate the long-term impacts on population health. From a
public policy perspective, our findings suggest that increasing primary care physician
numbers may not be a cost-effective means of immediately improving population
health, however we are unable to make definitive claims regarding the
cost-effectiveness over the long-terms.

From a methodological and econometric perspective, we show that choice of estimator
plays a vital role in estimating the benefits of public policies. This paper shows that
the carefully choosing the estimator, as well as considerations of the programme
setting, and how the programme was administered, are necessary for correctly
evaluating the benefits of programmes like the PMM. In future work it may be
possible to use this paper as a starting point for comparing the different empirical
methodologies used to analyse the PMM. This work may analyse how different
choices in estimator, and the ways in which the nuances of the programme are
handled in the analysis, impact the conclusions drawn about the effectiveness of the
programme. Firstly this work would replicate previous work that uses a standard
difference-in-differences estimator like those discussed in Section 4.1, before
estimating a staggered roll-out version of the difference-in-differences, which is more
applicable to this setting. One could then compare those results to a
difference-in-differences estimator with a continuous treatment and the GSC we use in
this paper, to assess whether considering the intensity of treatment makes a difference
to the conclusions drawn. This would provide a useful reference for empirical
researchers and would highlight the importance of careful empirical design.
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Chapter 5

Conclusion

The main aim of this thesis was to explore important policy-relevant questions in
health. This thesis pushes the envelop of applied health econometrics by using
state-of-the-art econometric methods to assess two questions which are directly
relevant to policymakers in health, those being: (i) whether a publicly financed
healthcare expansion has redistributive impacts, and, (ii) whether an increase in
primary physician supply has any impact on population health. This thesis also
includes an essay on (iii) the impact of a diabetes diagnosis on health-related lifestyle
behaviours of the diagnosed individual, and their partners, which although less
directly relevant to policymakers, has significant implications for policy evaluation. I
answered each of these questions using modern econometric techniques that have
been developed recently and therefore were not able to be answered before now. In
the absence of these econometric techniques, a causal analysis of the questions in this
thesis would not have been possible. In particular, Lee, Dong, Card et al. and Powell
have provided the methodological contributions necessary for the analysis of the
questions in this thesis. However, more generally, this thesis relies heavily on decades
of methodological contributions from many authors, who provided the groundwork
for the econometric methods used in this thesis. Future methodological contributions
will open the door for further analysis relating to the topics in this thesis. These
contributions will also allow for further analysis on aspects of the questions in this
thesis which I was not able to address.

In these concluding remarks, I will briefly discuss the findings of each essay, and
discuss the relevance of their findings for future policy, as well as avenues of future
research.

The first essay of this thesis analyses the redistributive effects of a publicly financed
healthcare expansion. This essay, uses the Oregon Health Insurance Experiment to
estimate the heterogeneous impacts of publicly financed health insurance. I estimate
the impact of the publicly financed health insurance on disposable income, and then
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separately for out-of-pocket medical expenditures and earned income, using a
quantile regression to uncover the heterogeneous treatment effects. The results show
that there is a clear heterogeneity in the impact, with those at the lower end of the
income distribution benefiting substantially more than those on the right-hand side of
the income distribution. The benefits of those on the left-hand side of the distribution
are present for both out-of-pocket medical expenditure, as well as earned income.
Although, as discussed in the essay, I have access to a limited sub-set of the entire
income distribution, I still find strong evidence of a redistributive effect in this narrow
income window. Given this, it is somewhat difficult to make generalisations to the
entire distribution, however, it is likely that the redistributive effects will be even
stronger when the entire distribution is considered.

Further analysis in chapter two shows that the health insurance expansion caused an
increase in household employment, and this is likely driven by improvements in
health. I also show that households that I consider to be “at high-risk” of needing
intra-household care show a drastic increase in disposable income from receiving
health insurance coverage. Grossman (1972)‘s theory of health and human capital
provided theoretical evidence of the impact of a publicly financed health insurance
expansion, and our results support his theoretical prediction. Grossman theory claims
that as health stock increases, the marginal benefit of health decreases, and those on
the left-hand side of the distribution are expected to have the largest marginal benefit
to healthcare as a result. The increase in working hours due to an increase in health
stock is a key conclusion of the Grossman model, and indeed I find that an increase
access to healthcare leads to the same result as the theoretical prediction for left-hand
side of the distribution, whom have the lowest health stock ex ante. My results
conclude that this increase in labour supply is a key driver in the redistributional
effects of the Medicaid expansion.

As mentioned, general equilibrium effects are not analysed in this essay, and instead I
present an alternative redistributive pathway specific for health. As I mention in the
essay and in the introduction of this thesis, public goods are expected to cause a
redistribution of wealth though taxation (Besley and Coate, 1991), and therefore, the
results in this essay offer evidence of an additional source of redistribution resulting
from the public financing of healthcare which has not been explore in substantial
detail previously.

From a policy-making perspective these results are important for several reasons.
Firstly, the findings in this essay do support the claim that Universal Healthcare
Coverage, or publicly financed health insurance, is able to achieve the “goals of ending
extreme poverty and increasing equity and shared prosperity” (World Bank, 2021a).
The essay’s main finding supports this claim, in that the results indicate that income
inequality has the potential to be reduced, due to lower income household benefiting
more than those on the right-hand side of the distribution, therefore redistributing
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wealth in a way that reduces inequality. If policymakers seek to tackle income
inequality, the findings in this essay provide evidence that publicly financed health
insurance is able to do that. Further, the results in this essay also support the claim
that poverty can be reduced, because the health insurance expansion increased income
and reduced out-of-pocket expenditures of households at the highest risk of poverty.

There are several avenues for future research based on these results. The most obvious
of these investigations would be to analyse the redistributive impacts for the entire
income distribution. Given that the analysis in chapter two is conducted on only a
sub-set of the entire income distribution, it is not possible to make claims with
certainty regarding the impact on the entire distribution. Although the results do
show a clear gradient, it is likely that the conclusions will be the same for the entire
distribution, however it would be worthwhile estimating the redistributive impact for
the entire distribution to be certain of this claim. Secondly, given that we find that
low-income individuals increase labour supply as a result of the policy, it is possible
that the publicly financed health insurance expansion would, to some extent, pay for
itself. The individuals that increase their labour supply may, as a result, increase their
income tax contributions and be less likely to take unemployment benefits. Future
research should investigate whether the increase in tax contributions, and decrease in
employment benefits paid to these individuals do indeed offset the cost of increasing
health insurance coverage. If this is indeed the case, then this could profoundly
impact policymakers decision to extend healthcare coverage to their populations.
Finally, I estimate that households most at risk of needing intra-household care drive a
substantial amount of the effect I estimate. Future research should further investigate
the extent to which healthcare coverage reduces the burden of informal care on
households, and the extent to which this changes labour market decisions of
households.

The third chapter of this thesis analyses individual behaviours, and the importance of
network in determining those behaviours. I analyse the impact a diabetes diagnosis
has on the diagnosed individual, as well as their partners. I find that those diagnosed
with diabetes have a reduced probability of smoking, and an increased probability of
partaking in physical activity. There is no evidence that diet changes, based on the
limited set of dietary information I have access to. I also find that partners’ change
their behaviours in a remarkably similar way, with the impact on physical activity
being very similar in magnitude to the direct effect, and the impact on smoking being
somewhat smaller in magnitude. These results are extremely robust to the choice of
specification, and I present many alternative specifications in this chapter to ensure
that the results are not specification dependent. The falsification tests also provide
support of the identification strategy.

It is reassuring from a public health perspective that individuals’ behaviours do
change as a result of a diabetes diagnosis. In particular, increasing physical activity
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and decreasing tobacco consumption suggests a compliance to diabetes treatment
which has beneficial direct impacts, but also spillover benefits. However, from a
public health and medical perspective, it is worrying that individuals do not appear to
change their eating habits or their consumption of alcohol, and further work is
required to understand how to induce changes in diet and alcohol consumption.

These main findings are important in terms of evaluating health-related public policy,
as I find significant evidence that partners behaviours co-move with one another, and
are causally related, rather than being driven by assortative matching. This finding is
important for evaluating various public policies, as my results show that
within-household spillovers should be both expected and considered in the policy
evaluation process. Without considering that health-related policies can impact both
the intended target and a wider network, policy makers may be substantially under or
over-estimating the benefits of those policies.

I also analyse the impact by time since diagnosis, and attempt to decompose the
spillovers into the health information causal channel and the joint participation causal
channel. I find no evidence that there is heterogeneity by time since diagnosis, and the
results suggest that the joint participation causal channel is the driver of these
spillovers. These results have an additional policy-relevant contribution, in that I find
very little evidence that information is driving our results. Instead, I find that the
co-movement between partners’ is the result of jointly participating in these
behaviours. Additionally, the fact that I find no heterogeneity by time since diagnosis
is reassuring from a medical perspective, and this result suggests that these
behaviours are better modelled by habit formation, rather than salience. Given that
salience (i.e. being closer to the health shock induces larger behavioural changes that
eventually revert to pre-shock behaviours) doesn’t explain these results, medical
professionals can be more confident that individuals maintain positive changes in
physical activity and tobacco consumption, which will have long-term health benefits
for both themselves and their partners.

Although this essay presents clear evidence that some behaviours do change as a
result of a health shock, it also presents many more questions for future research.
Given that my results indicate that only some health-related behaviours change but
not others, future research should continue to investigate which behaviours are
malleable and which are inflexible. Further, I find that spillovers exist for all
behaviours that I find evidence of a direct effect for, however this may not be the case
for all behaviours. It would, therefore, be worthwhile to continue analysing spillovers
in health to investigate whether this trend continues, and which behaviours induce
spillovers and which do not. This work is necessary to correctly estimate the
cost-effectiveness of various public policies.
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Moving onto the secondary findings of this essay, my results differ to those of Fadlon
and Nielsen in that I find no evidence of a salience effect. It is plausible that more
“shocking” events, like that of heart attacks analysed by Fadlon and Nielsen are more
likely to induce temporary lifestyle changes, than less shocking health changes like I
investigate. However, it may not be the shock itself, but rather that some behaviours
are more likely to be habit forming behaviours than others, and understanding this
further would benefit future policy and medical care. In addition, given that I find no
evidence to suggest that information is driving the behavioural changes in partners’,
future work is needed to investigate whether information, or what type of information
is able to induce behavioural changes. This is policy relevant, as many public health
campaigns aim specifically to increase health information in the targeted individual,
and the underlying assumption is that the information itself will induce behavioural
changes in the target. However, given that I find that information per se has no impact
on behavioural changes, it somewhat undermines this assumption. The notion that
public health campaigns, that rely on informing the target, have substantial impact on
behavioural changes is not supported by our results, however a substantial amount
more research is needed in this area to make concrete claims. Indeed, “only 1% of peer
reviewed papers that looked at the impact of [public health] marketing campaigns
assessed behavioural, rather than attitudinal, changes” (Mahony, 2015), and therefore
much more research is needed in understanding the role of information in behavioural
choices. Finally, I estimate that joint participation in behaviours is the driver of the
spillover effects in my setting, and future work should analyse whether joint
participation in health-related activities extends beyond the household onto the wider
network. Joint participation within wider networks, and specifically neighbours or
close friends may explain some of the empirical correlation within geographical
regions, however one may hypotheses that the magnitude of this effect is likely to fade
as connections become less strong.

The fourth chapter explores the relationship between primary care physicians supply
and health outcomes. I use a unique policy setting in which there was a significant
increase in primary care physicians which was predominantly driven by importing
foreign doctors. In this regard the Brazilian Programa Mais Médicos is an ideal setting
to analyse the impacts of an increase in primary care physicians because the increase
in physician numbers within a municipality was mostly not the result of a
redistribution of physicians within Brazil, but was instead due to Cuban doctors
filling vacancies in these municipalities. Although there was some limited evidence to
suggest that hospitalisations decreased significantly due to the change in physician
density, I was unable to determine whether this result was due to changes in primary
care preventable hospitalisations or other types of hospitalisations. Therefore, given
the marginal significance of the main effect, and no evidence of an effect when
analysing preventable hospitalisations and non-preventable hospitalisations
separately, I conclude that the increase in physician density also had no impact on
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hospitalisations. These results do question the notion that primary care physicians are
able to immediately increase population health. Given that the increase in primary
care physicians had no impact on mortality, if the policy objective is to improve
population health, then increasing primary care physicians may not be a reliable
means of doing so.

These results are vital evidence for policymakers seeking to improve public health by
increasing the density of primary care physicians within regions, as such a policy does
not appear to have substantial health benefits, based on my results. Some previous
studies, however, have found that there to be a beneficial impact of physician density
(Gulliford, 2002; Anand and Bärnighausen, 2004; Basu et al., 2019; Fadlon and
Van Parys, 2020), whereas my results concur with those of Aakvik and Holmås (2006)
in estimating insignificant effects. The essay does present several explanations of these
results. Firstly, it is reasonably expected that the impact of primary care physicians on
population health would take time to materialise. Given that the Programa Mais
Médicos began in 2013 and had ended in 2018, there may not have been sufficient time
for physicians to impact health outcomes of the population. Secondly, it is possible
that given that many of the PMM doctors were from Cuba it is possible that their
effectiveness was limited. Although language and background training was provided
to these doctors, it is possible that the effectiveness of foreign doctors was not as high
as the native doctors. This also makes these results less generalisable beyond this
setting, as importing foreign doctors is a particularly unique aspect of this
programme. Finally, for the doctors to have an impact, it is required that there is
unmet need. For an expansion of primary care doctors to indeed increase health
outcomes it requires that there was a need for services that were unmet prior to the
programme roll-out. It is possible that there was no unmet need prior to roll-out,
however this is not supported by Carrillo and Feres (2019), because they find that
there was an increase in primary care doctor visits as a result of the Programa Mais
Médicos. It is therefore unlikely that this explains the results. However, instead what
may explain these results is that Programa Mais Médicos simply substituted for nurse
visits, and this is a conclusion that is supported by Carrillo and Feres (2019). This
point, in particular, should be explored by future research. The results in this essay
should somewhat ease the concerns of policymakers regarding primary care physician
deficits (World Health Organisation, 2006; Gladu, 2007; Gorman and Brooks, 2009;
Hoyler et al., 2014; Petterson et al., 2012; Truglio et al., 2012; Frisch, 2013; Islam, 2014;
Majeed, 2015; The Kaiser Family Foundation, 2020), while also recognising the
limitations of this work and the need for further research analysing to understand the
settings in which policymakers can expect increases in primary care physician supply
to impact population health.

In terms of future research, there are several clear avenues of investigation. Firstly, as
mentioned briefly above, an investigation of the impact of nurse density on
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population health would be useful for policymakers. Given that the quality of care
given by nurses and physicians are similar (Laurant et al., 2005), it is possible that
increasing primary care nurse supply could be a more cost-effective means of
improving population health than increasing physician supply. The impact of nurses
also potentially explains the null results I estimate in this essay. If there was sufficient
nurse density in these regions to meet patient need, then it would be unreasonable to
expect health outcomes of the population to increase as a result of the increase in
physician supply. On a related point, future research should empirically explore the
Programa Mais Médicos further, to more generally understand the reasons for the null
effects I estimate. This research would aid in understanding the settings in which
policymakers can expect physicians to improve population health, and where such an
expansion is unlikely to have any benefits. Finally, if increasing physician supply in
primary care in is not an effective means of improving population health, further
work is required in determining what tools policymakers have at their disposal to do
so. Given that between 10% and 15% of mortality is avoidable by improving medical
care (McGinnis et al., 2002) it may be unreasonable to expect investments in healthcare
services to lead to significant changes in health. Instead, given that 50% of health is
determined by behavioural factors (Hubbard, 2007) future work in improving
health-related behaviours may be more fruitful in improving population health.

The aim of this thesis was to contribute knowledge for the purpose of informing
policymakers in health settings. My results provide empirical evidence in favour of
publicly financed healthcare for redistributive purposes, they show that spillovers
between spouses exist and are economically meaningful, and also question the notion
that primary care physicians are the key to improving population health. Further
research on related topics is vital for ensuring that policy can contribute to the
continued improvements in population health, and for dealing with the challenges
facing modern healthcare systems.
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Pilar Garcı́a-Gómez, Hans van Kippersluis, Owen O’Donnell, and Eddy van
Doorslaer. Long Term and Spillover Effects of Health Shocks on Employment and
Income. The Journal of human resources, 48(4):873–909, 2013. ISSN 0022-166X. . URL
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC4110210/.

Christina Gathmann, Kristiina Huttunen, Laura Jernström, Lauri Sääksvuori, and
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