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Abstract

We estimate the impact of the main unconditional federal grant (Fundo de Participação
dos Munićıpios - FPM) to Brazilian municipalities as well as its spillover from the neighboring
cities on local health outcomes. We consider data from 2002 to 2007 (Brollo et al, 2013)
and explore the FPM distribution rule according to population brackets to apply a fuzzy
Regression Discontinuity Design (RDD) using cities near the thresholds. In elasticity terms,
we find a reduction on infant mortality rate (-0.18) and on morbidity rate (- 0.41), except in
the largest cities of our sample. We also find an increase on the access to the main program
of visiting the vulnerable families, the Family Health Program (Programa Saúde da Famı́lia
- PSF). The effects are stronger for the smallest cities of our sample and we find increase: (i)
On the percentage of residents enrolled in the program (0.36), (ii) On the per capita number
of PSF visits (1.59), and (iii) On the per capita number of PSF visits with a doctor (1.8)
and nurse (2). After we control for the FPM spillover using neighboring cities near different
thresholds, our results show that the reduction in morbidity and mortality is largely due to
the spillover effect, but there are negative spillover on preventive actions, as PSF doctors
visits and vaccination. Finally, the negative spillover effect on health resources may be due
free riding or political coordination problems, as in the case of the number of hospital beds,
but also due to to competition for health professionals, as in the case of number of doctors
(-0.35 and -0.87, respectively), specially general practitioners and surgeons (-1.84 and -2.45).
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1 Introduction

In this paper, we estimate the impact of the main unconditional federal grant (Fundo de

Participação dos Munićıpios - FPM) to Brazilian municipalities as well as its spillover from the

neighboring cities on local health outcomes. We consider a fuzzy Regression in Discontinuity

Design (RDD) exploring the FPM transference law according to population brackets, which

generates discontinuities in the FPM transference. We take in our sample municipalities close

to each threshold for the estimation of the direct effect, and neighbors near different thresholds

to estimate the spillover effect.

To the best of our knowledge, this is the first attempt to estimate jointly the direct impacts

of intergovernmental transfers and spillover effects on health outcomes using RDD strategy. We

analyze the FPM effects on a variety of health indicators. We consider the effects on public

health outcomes - infant mortality, morbidity rates and the number of ambulatory consultations

-, preventive measures - vaccination coverage and the most important preventive health program

in Brazil (Family Health Program - Programa Saúde da Famı́lia, PSF, in Portuguese, consisting

of health professionals visits to vulnerable families) -, health resources and professionals - total

number of doctors, separated by specialization, nurses and health professionals - and, finally,

on health goods publicly provided - hospitals, number of hospital beds and health centers for

primary care.

Most of the robust results indicate positive effects of own FPM on health outcomes and

resources, but a negative spillover due to neighbors’ FPM. When we aggregate all the thresholds

to estimate the own effect using RDD strategy, after an increase in 1% in FPM transfers we

find a reduction in infant mortality (0.3%) and an 0.52% increase in ambulatory consultations,

an 1.1% in PSF visits and an 0.94% increase in PSF visits with a doctor due to an 1% increase

in FPM. We also verify a decrease in vaccination (-0.27%), but these adverse signal in general

disappear when we control for spillover effects. There are positive direct impacts on health

resources, specially on the number of doctors (0.51% and -0.87%) and on the number of hospital

beds (0.4% and -0.35%), when the city is near the first threshold.

We add the neighbors’ FPM, considering neighbors near different thresholds, and (after 1%

increase in negibor’s FPM) we find negative spillovers in most of the health indicators: infant

mortality (-0.004%), morbidity (-0.11%), PSF users (-0.15%), PSF visits (-0.46%), vaccination

(-0.40%), number of doctors (-1%) and nurses (-1.98%), number of hospitals (-0.42%) and
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hospital beds (-0.32%), health centers (-0.58%), and also on the number of doctors by specialties,

as generalist (-0.67%), preventive (-0.7%), pediatric (-0.61%) and surgeon (-2.56%). Controlling

for neighbors’ threshold, we see that the negative spillovers occurs when the neighbors’ populations

are small, specially considering the effects on morbidity, mortality, number of PSF users and

visits and vaccination coverage.

We analyze two main hypothesis for the pattern of the results (positive direct effect and

negative spillovers): negative demand correlation and political incentives and coordination

problems in health provision among neighboring cities. The local health system may be benefited

for health spending in neighboring cities, as it decreases the local demand for health and increases

the observed quality of the local public health services, but the electorate may have imperfect

information about the causes of this process. The mayors may even under invest in health

services when the neighbors also have the extra amount, as a way to encourage them to carry

out spending on health, which reduces the demand for local health services. We control for

political competition in mayors elections and mayors’ parties to test if political incentives and

difficulties in spending coordination among nearby cities leads to negative spillover on public

health indicators.

Spillovers in economics of health is largely described in the literature, as health markets

typically exhibits strong externalities. Usually, the spillovers are due to the reduction in the

contagious of diseases. Edward and Kremer (2004) documents positive effects of a deworming

program both on non-treated students in eligible schools and on students from neighboring

schools. Also, problems with health conditions of familiars or spouses increase the chance of

having a health troubles, as mental illness (Holmes, 2003; Fletcher, 2009). Timmermans et al

(2014) show that the lack of health insurance causes more absenteism at basic schools, while

in Pauly and Pagán (2007) increasing the proportion of insured citizens benefits the uninsured

people in the community. Grabowskia and Hirthb (2003) find that non profit market of nurses

increases overall nursing quality. More close to us, Fernandez and Forder (2015) and Moscone et

al (2007) show that spatial policy spillovers explain part of the local health spending variation

in England.

We also address the issue of public health system accountability, one of the most relevant

public policies for the population welfare in Brazil, using a robust estimation approach. Channa

and Faguet (2012) find that only few papers that estimate the effects of public spending on

health outcomes can be classified as being “highly credible” based on the nature of the data
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and identification strategy. The primary health care is the cities’ responsibility in Brazilian

federalism and many studies point a positive effect of FPM on health local spending, specially

on the health primary care expenditures (Castro et al, 2015; Arvate et al, 2013; Gadenne, 2011).

Parmagnani (2013) finds that for every R$1 increase in the conditional transfer and unconditional

transfers, R$0.20 and R$0.82 per capita, respectively, are spent in other areas than health. Most

studies find a negative impact of sub-national health expenditure, as a proportion of national

health expenditure, on childhood mortality rate (Robalino, Picazo et al. 2001,Jimenez-Rubio

and Smith 2005; Jimenez-Rubio 2011). However, there is no paper that estimate robustly the

impacts of expenditures or unconditional grants on health public goods and health outcomes in

Brazil.

Our paper is divided into the eight sections below, besides this introduction. In the next

section, we make some remarks about the institutional evolution concerning the FPM and the

public health financing in Brazil. In Section 3, we present the empirical strategy and the

econometric methodology. We describe the data in Section 4 and we test the hypothesis that

guarantee the estimates validation in Section 5. We present in Section 6 the estimates of own

FPM on local public health system and in Section 7 the spillover estimates for neighboring cities’

FPM. In Section 8, we remake the principal regressions controlling for political competition and

mayors’ parties. Finally, we lead to Section 9 the main conclusions.

2 Institutional background

2.1 Brazilian public health financing

The Brazilian Federal Constitution guarantees public health care to the entire population, and it

is a common responsibility of the union, the states and the cities.. In addition, the Constitution

determines a unified and decentralized system, whereas the municipalities has the obligation

to provide primary care. Such prerequisites culminated in the creation of the Unified Health

System (Sistema Único de Saúde – SUS)1. Currently, over 70% of the Brazilian population

depends exclusively on SUS for medical and hospital care, representing approximately 150 million

people. Most of the health spending is executed by sub-national governments in Brazil, as occurs

in the majority of developing economies (Glassman and Duran, 2011; Glassman and Sakuma,

1The main landmarks of the public health system regulation were the Laws 8.080 and 8.142, the both of 1990.
The first covers SUS financing. The second provides the requirements for municipalities, states and the federal
districts to be eligible to receive SUS resources. In 2000, the Institutional Amendment 29 (EC - 29) implemented
the rules for public health financing.
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2014).

In one hand, the municipalities have better conditions to evaluate the necessities of local

communities. In the other hand, the full decentralization of public health services can not be

the most eficient, since there are economies of scale in the provision of public health goods,

making these investment unsustainable in Brazilian small towns, highly dependent of federal

grants, also because it is difficult for municipalities alone coordinate these spending regionally.

Duarte et al. (2009) shows that existing intergovernmental Brazilian health transfers present

strong horizontal inequalities. States with the highest infant mortality rates and low private

health insurance coverage are treated similarly to those with low child mortality and high private

health coverage.

Municipalities use own resources, including funds from the Federal Government, and SUS

transfers for financing public health system. These grants can be characterized as conditional

and binding, or unconditional. The conditional and mandatory grants have a specific destination.

The unconditional grants, in turn, do not have a predefined destination, which can be decide

by mayors. The main conditional transfers are from the National Health Fund (Fundo Nacional

de Saúde - FNS), directed to state and local funds, as the Primary Care Expanded Fixed Floor

(Piso da Atenção Básica Fixo -PABF), which guarantees the minimum amount to be applied

locally. In addition to the fixed part of the PAB, the transfer also has a variable part, which

is transferred only to municipalities that adopt the government’s priority programs such as the

Community Health Agent Program (Programa de Agentes Comunitários de Saúde – PACS) and

the PSF.

FPM in considered an unconditional grant, as each municipality has the prerogative to spend

that money where there is greater needing, while complying with the constitutional obligation

to spend at least 15% of its total resources on health. This is the most important resource of

small municipalities in our sample (fewer than 30,000 residents), corresponding on average to

more than 30% of the budget revenue.

The total amount destined to FPM is a percentage of the Income Tax and the Tax on

Industrialized Products collected by the Union. Each municipality share is calculated by the

Court of Audit (Tribunal de Contas da União - TCU), with 10% of the FPM being intended

for state capitals and the national capital, 86.4% being allocated to the inland municipalities,

and 3.6% is allocated to municipalities with a population of 142,633 inhabitants or more. Our

sample consists of inland cities. The calculation for them takes into account the percentage of
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participation of each state (Table 1 of Appendix A) in the national inland FPM amount and

the cities’ coefficients determined by local population brackets (Table 2 of Appendix A).

2.2 Health evolution in Brazilian municipalities

Brazilian population increased from 170 millions to 191 millions in the 2000 decade, an increase

of approximately 10%. This increase in population, especially in older individuals who use the

public health service more intensely, increases the demand for medical and hospital care. Thus,

the resources allocated to public health financing should at least keep up with this growth in

demand.

There was an 102.6% increase in the amount spent on the provision of health services,

reaching R$79 billion in 2010. In per capita terms, there is an increase of almost 90% in health

spending, starting at R$221 and increasing to R$414 per capita during this period. Again, the

increase in health spending exceeded the population growth and also exceeded the observed

increase in the resources transferred to SUS. This finding suggests that the use of municipalities’

own resources destined to public health funding may have increased. The principal revenue in

small cities, the FPM, increased 68.4%, reaching R$57 billion in 2010, highlighting the years

2005, and 2007 to 2008, when the annual growth surpassed 10%.

Based on these statistics one might expect a substantial improvement in the health status of

the Brazilian population. However, such improvements are not evident. For example, between

2002 and 2010, there is a 15.8% increase in overall mortality. In the other hand, there is a sharp

decrease of more than 30% in the mortality of children aged under 1 year and in those aged 1-4

years. For children 5-14 years, there is also a significant decrease of 16%.

Unlike general mortality, the hospital morbidity, which is the number of hospitalizations in

hospital beds funded by SUS, decreased in the 2000 decade, from 11.7 millions to 11.4 millions.

This trend may have two causes: an increase in the preventive measures, and thus a decrease in

the diseased population, or a decrease in the number of hospital beds, with a reduction in the

admission of individuals who should receive more intensive treatment, which may have increased

the overall mortality. We indirectly verify these hypothesis analyzing the changes in preventive

actions and in home hospitalization in addition to morbidity data.

Preventive measures are public health services that aim to prevent the population to have the

diseases. The first prophylactic measure addressed in this study refers to immunization coverage,

that is, the number of applied vaccination doses under the eligible population. We analyze
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carefully Family Health Program (PSF), the principal preventive program in Brazil, specially

for poor families. The program consists of health professionals teams visits to vulnerable families.

This program has grown significantly throughout the country between 2002 and 2010, increasing

from 86 million registered inhabitants to 124 million, a growth of 44% in these nine years. In

the period between 2002 and 2010, there is an increase of 75.7% in the number of consultations,

which can generate very positive results in terms of reducing avoidable diseases.

The PSF visits can be divided by the qualification of the health professionals who participates

on the visits, including doctors, nurses, other higher-education professionals (college) and mid-level

professionals (high school). There was a decrease in medical visits (-8.6%) during the 2000

decade, whereas for the other three categories, there is an increase in home visits, specially the

mid-level professional visits, which increased by 46.5% over the period.

Other information considered on Family Health Program performance is the medical referral

for specialized care. The data includes the number of referrals for specialized treatment,

including for example physiotherapy, speech therapy, occupational therapy and psychology.

Between 2002 and 2010, there is a large increase in the number of referrals for specialized

care, from 2.8 to 8.7 millions. Home care is the last PSF variable analyzed, which consists of

medical referral to home hospitalization.

3 Empirical strategy

Our identification strategy to identify the FPM causal impact follows Brollo et al (2013) and

Litschig and Morrison (2013), that explores the FPM transfer rule based on population brackets

to identify the exogenous grant impact in Brazilian municipalities near the thresholds. We use

the data from 2000 to 2007, as in Brollo et al (2013), who shows that there is no evidence of

manipulation of the forcing - variable. As is shown in Castro et al (2015), local populations

are highly correlated, which guarantees the imprecise control to estimate RDD, but generates

the spillover bias, as the treatment status are correlated among neighbors. We control for own

and neighboring cities’ FPM near different thresholds to capture the both effect on the health

outcomes.

We explore the legal discontinuity thresholds for FPM transfers to identify the FPM causal

effects on health indicators in Brazilian municipalities, as many papers have pointed a positive

impact on health spending (Arvate et al, 2013; Castro et al, 2015). We concentrate on the first
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four FPM thresholds, as they the more clear identifiable FPM discontinuities in our data and

and the cities are roughly similar, with population with up to 30,000 inhabitants. Basically, we

control for cities near one of thresholds with neighbors near of the others to measure the direct

and indirect FPM impacts.

RDD validation using panel data depends that all variables determined before the assignment

be independent of the treatment status near the thresholds (Lee, 2008). Therefore, as a

randomized experiment, differences in post allocation results are not confounded by omitted

variables whether they are observable or not. As in Lee and Lemieux (2010), we assume a

pair of potential health outcomes for each city i: Yi0 if the municipality is to left of one of

the thresholds and Yi1 if the municipality receives an extra R$1 of FPM due to the population

rule. Therefore, the FPM Local Average Treatment Effect (LATE) is the difference between

the potential output Yi1 − Yi0 for the complies. It is not possible to observe the pair of the

potential results simultaneously, but we consider an exogenous variation at the probability of

being treated at the thresholds, while the other potential variables that affect the results are

continuous. So the potential outcomes can be estimated considering observations arbitrarily

close to the thresholds, as the formula:

LATE = T − C =

limε→0+E[Yi|Xi = c+ ε]− limε→0−E[Yi|Xi = c+ ε] = E[Yi1 − Yi0|X = c]

T is the average health output in the treatment group and C is the average health output in

the control group. Yi is the health public good in city i and X is the forcing variable, meaning

that the average FPM increases if X > c, and 0 otherwise. The difference between these two

groups is asymptotically equal to the average treatment effect on the population, conditional

to X=c. We use the percentage difference of local population and the nearest threshold as the

forcing variable, which we call score and we calculate as:

scoreih =
populationi − ch

ch

scoreih is the percentile difference of city i’s population to threshold ch, where

ch ∈ {10, 188.5; 13, 584.5; 16, 890.5} is the most close threshold to i’s population, indexed by

h ∈ {1, 2, 3}. Therefore, the municipalities to the left of the cutoffs have a negative score (control

group) and the municipalities to the right of the cutoffs have a positive score (treatment group).
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However, the possibility of population correlation among neighboring municipalities may

lead to a correlation among the FPM received by them, that is, the probability of one city

changing the FPM coefficient increase the chance of the neighbor also changing the bracket. By

one hand, this avoids the possibility of complete manipulation that may bias the results due self

selection in the treatment, but on the other hand the correlation among neighbors treatment

status may lead to bias if FPM spillover from one city to another. We find negative spillover in

health spending.

We use FPM from FINBRA that is declared by the mayors, which can have declaration

errors. In special, using this data can lead to underestimation bias (Angrist and Lavy, 1999), so

we consider the FPM value that should has been transferred to municipalities according to the

legal rules, which we call theoretical FPM. We follow a linear specification for the methodology

as in Brollo et al (2013) and Castro et al (2015), using theoretical FPM as an instrument for

the declared FPM in the first stage.

In the first stage, we estimate jointly the city i and neighbors j’ declared FPM as functions

of the theoretical FPM:

FPMi = theoreticalFPMi × γi0 + lscorei × γi1 + lscore2i × γi2 + ζi

FPMj = theoreticalFPMj × γj0 + lscorej × γj1 + lscore2j × γj2 + ζj

We add the neighbors’ FPM and population polynomial. lscore and lscore2 are the score of

the previous year and the quadratic of this term, respectively. The vector of estimated FPM

from cities i and j are used in the second regression, where we estimate the impacts of both

FPMs on city i’s health outcomes, Hi:

Hi = α0 + FPM e
i × αi + FPM e

j × αj + lscore× α1 + ηi (1)

We make the estimations in a 2SLS procedure, correcting for the generated variance in the

first stage and clustering the observations in municipality level. αi1 αj1 are the treatment effect

and Y is one of the local health outcomes or resources. lscore is a vector of city i and neighbor

j’s RDD ”assignment variable” (Lee and Lemieux 2010) and the quadratic terms. ζ and η are

the idiosyncratic errors.

We control for city i in each of the 4 thresholds and j near one of the others. Conversely,

we also control for neighbors j at one of the thresholds and cities i at any of the others. We
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consider the maximum scores of 1%, 5% and 10% from the thresholds to estimate RDD. Our

robust regressions control for fixed effect for each pair of i and j, using the panel of cities between

2002 and 2007.

4 Data description

We use a panel of municipalities across 2002 to 2007, the same period analyzed in Brollo et

al (2013). We take FPM data from FINBRA - Brazil’s Finance, of the Finance Ministry, and

also other information about the municipalities finances, as budget spending and revenue, and

health expenditures. The nominal values from 2002 to 2007 are updated to January, 2014, using

the official inflation rate (́Indice de Preços ao Consumidor Amplo - IPCA). We also have the

official population used by TCU to calculate FPM coefficients. We calculate the FPM values

that should have been transferred to municipalities according to the legal rules, which we call

theoretical FPM (as in Brollo et al, 2013, and Castro et al, 2015).

The health outcome variables are taken from DATASUS of the Health Ministry. Table 1 of

Appendix B makes a description of the health variables used in this papers. The data is collected

from the entire country and compiled by the central government. We present some descriptive

some information about the data we use for the estimations at Table 1, in which we consider

municipalities that are 5% distant from the thresholds and the years 2003-2007. We present

the descriptive statistics of the health variables, FPM and population considering the mean,

standard deviation, minimum and maximum values. Overall, there are 5,548 municipalities in

Brazil in this period; however, complete information from all of them is not available for every

year, and implies a database with approximately 2,700 observations near the thresholds.

Figure 1 shows that overall morbidity decreased in the period 2003-2007 in the cities that we

use in our main regressions. Nonetheless, mortality and ambulatory consultations increased in

the period. The preventive measure that increases the most is the overall number of PSF visits.

5 Identification assumptions

The strongest assumption for causal inference is the control and treatment groups balancing,

according to potential variables, observable or not, that could influence the dependent variables2.

One difficult arises when the agent can influence the forcing variable, in order to get the

2The unconfoundedness hypothesis (Lee and Lemieux, 2010)
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Table 1: Descriptive analysis
Variable Obs. Mean Std. Dev. Min Max
FPM declared 2699 486.0649 100.9349 0 1089.046

theoretical 2699 444.0618 154.7843 26.30722 1319.679
population 2699 13474.74 2775.403 9680 17829
mortality 2699 0.005182 0.001737 0.0006116 0.010826
morbidity 2699 0.069632 0.027365 0.0006616 0.256333
ambulatory 2682 9.747856 4.998099 0.000575 68.12457
vaccination doses 2699 0.855025 0.249055 0.3679661 2.294722
PSF users 2578 0.872454 0.227086 0.0003422 2.038461
PSF visits 2699 0.322819 0.517124 0 12.80842
PSF visitor’s degree doctor 2406 0.069122 0.094735 0.0000979 1.615033

nurse 2479 0.103703 0.116945 0.0000581 1.64768
college 1831 0.036607 0.324665 0.0000562 12.67113
high school 2397 0.158896 0.292656 0.0000581 9.929444

home care 1615 0.002712 0.006339 0.0000562 0.092284
special referral 2353 0.040861 0.273689 0.0000712 13.14155

Source: Datasus and FINBRA. Elaborated by the authors. Note: Per capita values. Municipalities within a 5%

distance from the thresholds.

treatment, an indication of self selection bias. The manipulation is not a problem if it is

imperfect, that is, if there is still random assignment near the thresholds that the participants

can not control (Lee and Lemieux, 2010; Van der Klaauw, 2002).

In our regressions, we are concerned about the possibility of local population manipulation,

as pointed by Monasterio (2013) and Litshig (2012). Monasterio (2013) and Avezani (2014)

point a larger frequency of cities immediately after the thresholds points, specially after 2007,

but it is not reinforced in Arvate et al (2013). Monasterio (2013), using McCrary’s (2008)

strategy, argues that there could be three ways for influencing the census: (i) the municipalities

actually do present that number of residents, perhaps because they have created incentives to

attract migrants, (ii) municipalities have that population, but mindful of the threat of losses,

get mobilized for the census visits and (iii) deliberate fraud of population census.

Brollo et al (2013) find no manipulation evidence in the period 2002 to 2007. There are no

possibilities of manipulating in this period, as population is estimated annually by the National

Institute of Statistics (Instituto Brasileiro de Geografia e Estat́ıstica - IBGE), according to the

previous 2 census and using the country and the city’s region variation. Population census is

independent of the municipal administration and the coefficients for FPM redistribution is fixed.

It should be noted that the only discontinuity at the thresholds is the FPM, and only

for inland municipalities that we take for our sample. Figure 2 shows the per capita FPM
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Figure 1: Per capita health outcomes evolution - 2003 to 2007

Source: Datasus. Elaborated by the authors. Note: Per capita values. Municipalities within a 5% distance from

the thresholds.

discontinuity using the Calonico et al (2014b)’s fourth order estimator and last year score as

the forcing variable within 1% (A) and 5% (B) of absolute distance from the thresholds. Figure

2C and 2D shows the very FPM thresholds effects on budget spending and on health spending,

respectively. There are sharp discontinuities in the FPM, while the discontinuities in budget

spending and health are not evident.

In Figure 3 we present the Mccrary (2008) tests for forcing variable manipulation to test the

population manipulation near the FPM thresholds. We make the test for all the municipalities

in the segments that we calculated the score (A) and we also use the score maximum absolute

value as 1% (B), 5% (C) and 10% (D). There is no indication of manipulation and unbalancing

between the municipalities’ frequency to the left or to the right of the thresholds in any estimation

window, when we use the aggregate data of the period 2002-2006. In Figure 6 of Appendix C

we present the population histograms for each year separately, and there is no indication of

manipulation in any year of the period 2002-20063 .

The FPM population rule impacts on the health variables are not clearly visible. Figure 4

presents the differences in RDD treatment and control groups on the basic health indicators by

3These are the years used in the theoretical FPM calculation, as the population of the previous year is used
to determine the FPM share in the current year.
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Figure 2: Discontinuity test for FPM and local finance variables

Source: FINBRA. Elaborated by the authors. Note: Calonico et al (2014b)’s fourth order polynomial estimator.

Each dot represents the variable sample average in a given bin.

municipal level. There seems to be a reduction in mortality (A), morbidity (B) and immunization

rates, but an increase in ambulatory consultations per capita.

We investigate PSF, the most important health basic care program in Brazil, in Figure

5. The differences due to the FPM threshold are nor clearly detectable. There is few more

percentage of inhabitants registered in the program (A), on average, but there are fewer PSF

visits on the right of the cutoffs (B). The effects on the rate of special referral is slightly positive

(C) and on the per capita home hospitalization is practically nule.

6 Estimates for own FPM effects

All models are estimated with and without control. We focus on the first three population

cutoffs (c1=10,188.5; c2=13,584.5; and c3= 16,980.5). Additionally, to determine whether the

results differ for each of the three cut-offs, the models are estimated considering the three points

of discontinuity together and then the first, second and third thresholds separately.
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Figure 3: Mccrary (2008) tests for population manipulation

Source: FINBRA. Elaborated by the authors. Note: Mccrary (2008)’s test for forcing variable manipulation.

Each dot represents the variable sample average in a given bin.

6.1 Childhood mortality, morbidity and ambulatory

We first present the results for mortality, morbidity, and ambulatory. Table 2 shows the estimates

when we take municipalities with score fewer than 10%, 5% and 1%, considering the 4 thresholds

together. We estimate 2SLS and 2SLS with Fixed Effect regressions for each of the health

dependent variable.

There are significant impacts on infant mortality (children with up to 5 years old) rate in

almost, ranging from -0.18% to -0.27% from each 1% increase in per capita FPM. Morbidity

rate tends to decrease due to FPM, more than 0.3%, but this result is less robust when use FE.

Also, there is a positive impact on ambulatory consultations: 0.46% to 0.84% increases.

We consider the impacts at each threshold separately in Table 3, estimated using Fixed

Effect with Instrumental Variable (FE-IV). We find that the positives effects on the mortality

rate (0.23%) and negative on morbidity rate (-0.23%) are concentrated in the group of cities

with more population, near threshold 3. The impact on ambulatory consultations is positive

(0.34%) in cities of this group. There is also a positive impact on mortality rate (0.19%) and on

ambulatory consultations per capita (0.68%) in cities near the first threshold.
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Table 2: FPM impacts on health outcomes - aggregate thresholds
distance - thresholds 10% 5% 1% 10% 5% 1% 10% 5% 1%
general health

mortality morbidity ambulatory
FPM IV -0.18** 10.06 -0.14 -0.41*** -0.31*** -0.53** 0.84*** 0.84*** 0.46**

(0.08) (0.10) (0.23) (0.06) (0.08) (0.21) (0.08) (0.11) (0.21)

FPM FE-IV -0.27*** -0.19 0.54 -0.05** 0.03 -0.08 0.52*** 0.49*** -0.15
(0.08) (0.14) (0.43) (0.02) (0.04) (0.13) (0.05) (0.08) (0.3)

obs. 5769 3004 644 5188 2573 547 5169 2563 546

PSF visits

PSF users total doctor
FPM IV 0.08 0.04 0.14 0.55*** 0.97*** 1.57*** 0.30* 0.43* 0.62

(0.05) (0.06) (0.15) (0.17) (0.23) (0.48) (0.17) (0.23) (0.47)

FPM FE-IV 0.36*** 0.35*** -0.32 1.10*** 0.95*** 0.66 0.75*** 0.94*** 0.2
(0.03) (0.05) (0.4) (0.1) (0.17) (0.73) (0.11) (0.19) (0.78)

obs. 4930 2453 521 4757 2367 505 4596 2292 483

nurse other other college
FPM IV 0.31** 0.74*** 1.21*** 1.05*** 1.29*** 1.16 0.84*** 1.25*** 2.12***

(0.16) (0.21) (0.43) (0.3) (0.41) (0.88) (0.19) (0.26) (0.56)

FPM FE-IV 0.97*** 1.12*** 0.72 1.05*** 0.74* -0.09 1.14*** 0.97*** 0.7
(0.1) (0.17) (0.63) (0.26) (0.45) (1.61) (0.12) (0.2) (0.72)

obs. 4751 2365 505 3513 1748 379 4583 2275 477

preventive actions

vaccination special referee home care
FPM IV -0.28*** -0.24*** -0.27*** 1.97*** 2.20*** 3.50*** -0.88*** -0.64* -0.9

(0.04) (0.05) (0.1) (0.2) (0.28) (0.58) (0.27) (0.37) (0.79)

FPM FE-IV -0.41*** -0.26*** -0.03 1.83*** 1.64*** 0.62 -0.14 -0.06 -0.69
(0.03) (0.05) (0.17) (0.13) (0.23) (0.93) (0.22) (0.39) (1.11)

obs. 5188 2573 547 4518 2240 471 3114 1566 329

Note: ∗p < 0.10, ∗ ∗ p < 0.05, ∗ ∗ ∗p < 0.01. Covariates omitted. Standard errors in parenthesis. We use

logarithms of per capita FPM and health outcomes. We use cities near 10% from each of the thresholds. We

consider the childhood mortality, that is, from children with up to 5 years old. We use data from the period

2002-2007.
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Figure 4: Discontinuity test for health outcome variables

Source: DATASUS. Elaborated by the authors. Note: Calonico et al (2014b)’s fourth order polynomial

estimator. Each dot represents the variable sample average in a given bin.

6.2 Preventive measures

There are significant impacts on the preventive measures when we consider all the thresholds

together in Table 2. The results are robust to different distances from thresholds. In general,

the estimates are even bigger when we consider 2SLS with FE. The effects are positive on the

number of inhabitants registered on PSF (near 0.35%) and total PSF visits (0.95%). Most of

the increase in the total visits are due to the increase in the number of doctor (0.94%) and nurse

visits (1.12%). Also, there is a strong increase in the number of medical referral for specialized

treatment (1.64%). Despite these results, there is a significant and negative impact on the

number of per capita vaccination doses (0.26%).

We see in Table 2 that most of the increase on the preventive measures are concentrated in

small towns, specially near the first threshold. The positive impacts on cities near threshold

3 occurs on the total number of PSF visits (0.83%), nurse visits (0.88%) and PSF medical

referral (1.89%). The increases on doctors and nurses visits are bigger in cities near the first

threshold, 1.8% and 2%, respectively, while the effect on medical referral is bigger at threshold

2, 2.19%. Overall, the results suggest that the small cities spend better the money for public

health, specially on preventive actions, and that the health conditions are worst in the group of
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Figure 5: Discontinuity test for program PSF outcome variables

Source: DATASUS. Elaborated by the authors. Note: Calonico et al (2014b)’s fourth order polynomial

estimator. Each dot represents the variable sample average in a given bin.

more population due to the FPM4 .

7 Spillovers on health system

7.1 Health outcomes

In this section, we estimate the effect of the own FPM and the neighbors’ FPM jointly. For

this, we use in our sample cities near of the thresholds with neighbors near different thresholds.

We control for the both FPM in our main regression, to disentangle the direct and indirect (the

spillover) effect on the public health system.

First, Table 3 repeats the estimation for own FPM impacts, as in Table 2, but now we

consider only cities near one of the thresholds that have neighbors near one of the others. The

results are similar to the previously estimated. There is an -0.55% reduction in infant mortality

at threshold 2, due to 1% increase in FPM. The morbidity rate reduces again, an elasticity of

-0.17% at the threshold 3, but increases 1% at threshold 4. The ambulatory consultation rate

also increases at all the thresholds. There is an increase in PSF users and a strong increase in the

4We present in Appendix E an alternative, based on Litschig and Morrison (2013)’s methodology. The
estimation are pretty less significant, because the authors consider a sharp RDD.
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Table 3: FPM impacts on health outcomes - by threshold
thresholds (1) (2) (3) (1) (2) (3) (1) (2) (3)
general health

mortality morbidity ambulatory
FPM FE-IV 0.42 -0.61** -0.10 0.09 0.01 -0.23*** 0.68*** 0.29* 0.34**

(0.63) (0.28) (0.21) (0.08) (0.06) (0.07) (0.17) (0.15) (0.16)
obs. 888 877 797 888 877 797 883 875 794

PSF program

PSF users total doctor
FPM FE-IV 0.36*** 0.27*** 0.12 1.59*** 0.54* 0.83*** 1.80*** 0.45 0.67*

(0.07) (0.07) (0.14) (0.36) (0.32) (0.31) (0.4) (0.34) (0.38)
obs. 842 830 770 820 792 744 807 760 714

nurse college high
FPM FE-IV 2.00*** 0.61** 0.88*** 0.15 1.06 1.1 1.20*** 0.80** 0.92**

(0.38) (0.3) (0.3) (0.76) (0.84) (0.97) (0.38) (0.39) (0.37)
obs. 819 791 744 604 567 567 806 751 707

preventive actions

vaccination special referral home care
FPM FE-IV -0.34*** -0.31*** -0.52*** 1.72*** 2.19*** 1.89*** 0.08 -0.11 -0.2

(0.1) (0.08) (0.08) (0.48) (0.41) (0.4) (0.64) (0.62) (0.96)
obs. 888 877 797 775 757 698 539 539 480

Note: ∗p < 0.10, ∗ ∗ p < 0.05, ∗ ∗ ∗p < 0.01. Covariates omitted. Standard errors in parenthesis. We use

logarithms of per capita FPM and health outcomes. We use cities near 10% from each of the thresholds. We

consider the childhood mortality, that is, from children with up to 5 years old. We use data from the period

2002-2007.

total of PSF visits, specially at the first the fourth thresholds, 1.81% and 2.46%, respectively,

but the small towns increase more the visits with a doctor (2.24%), while in the bigger town the

visits with a college degree (8.66%)and high school professionals (2.42%) increase more. Also,

there is a reduction in the vaccination coverage.

In Table 4 we add the neighboring municipalities’ FPM in the regressions. The majority

of estimates for city j’s FPM on city i’s health outcomes are negative. The exceptions are the

spillover effect on PSF with a college degree professional at threshold 3 and the effects on special

referral when i is close to threshold 3 or 4 and also on the total PSF visits at threshold 3. There

negative spillover on infant mortality, but the values are very close to zero (near -0.004%) and

there is negative effects of neighbor j’ FPM on city i’s morbidity, specially when i is at threshold

4 and j is smaller.

The negative effects of own FPM on vaccination coverage are no more significant, and

becomes positive at threshold (0.18%), but there is a negative spillover from the neighbors.

There is a strong and negative FPM spillover on the number of PSF visits for the biggest

cities and on the total of visits with a doctor, indicating that the cities may compete for these

professionals.

In Table 5 we present the estimates for the spillover effect from city j’s FPM on city i’s health
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Table 4: FPM impacts on health outcomes - controlling for cities i with neighbors j near the
thresholds
thresholds (1) (2) (3) (4) (1) (2) (3) (4) (1) (2) (3) (4)
general health

mortality morbidity ambulatory

FPMi -0.16 -0.55** 0.08 -0.32 -0.11 -0.16** -0.17** 1.01*** 0.28* 0.29* 0.54*** 0.57***
(0.31) (0.23) (0.19) (0.34) (0.08) (0.07) (0.07) (0.14) (0.16) (0.17) (0.13) (0.15)

obs 1169 982 901 542 1169 982 901 542 1162 973 900 542

PSF program

PSF users total doctor

FPMi 0.47*** 0.43*** 0.35*** 0.79*** 1.81*** 0.69** 0.63*** 2.46*** 2.24*** 0.45 0.71*** 0.34
(0.1) (0.07) (0.1) (0.18) (0.44) (0.28) (0.22) (0.47) (0.52) (0.34) (0.28) (0.42)

obs 1107 948 891 511 1086 914 858 510 1060 873 843 499

nurse college high

FPMi 1.93*** 0.49* 0.75*** 1.68*** -1.06 2.61*** 1.15 8.66*** 0.43 1.30*** 0.80*** 2.42***
(0.41) (0.28) (0.23) (0.43) (1.06) (0.7) (0.8) (1.91) (0.46) (0.42) (0.27) (0.52)

obs 1086 914 858 508 783 629 672 372 1057 866 837 493

preventive actions

vaccination special referral home care

FPMi -0.33*** -0.13* -0.36*** -0.44*** 2.19*** 1.65*** 1.62*** 0.75 -1.31* -1.91*** 0.63 1.95
(0.1) (0.08) (0.08) (0.12) (0.52) (0.37) (0.34) (0.62) (0.79) (0.61) (0.73) (1.2)

obs 1169 982 901 542 1025 869 826 487 665 608 576 341

Note: ∗p < 0.10, ∗ ∗ p < 0.05, ∗ ∗ ∗p < 0.01. Covariates omitted. Standard errors in parenthesis. We use

logarithms of per capita FPM and health outcomes. We use cities near 10% from each of the thresholds. We

consider the childhood mortality, that is, from children with up to 5 years old. We use data from the period

2002-2007.

outcomes, controlling for j at each of the 4 thresholds. We control neighbors j near each one of

the thresholds and city i near one of the others thresholds, different than j. The estimates are

in general positive and similar to the effects of FPMi, due to the correlation between i and j’s

FPMs. The effects on vaccination, as occurs with the i’s FPM impact.

We add the cities i at different thresholds in Table 6. The results confirm and helps to

explain the results in Table 4. The spillover effects are negative on morbidity, total of PSF visits

and on doctor, nurse and college degree visits, specially when the city j is small. Also, there is

a negative effect on the number of people registered in PSF when j is at threshold 4, and on the

vaccination coverage, when j is at threshold 3.

7.2 Health resources and professionals

We extend our analysis to health goods publicly provided - number of hospitals, health center

for primary care and hospital beds - and to health professionals - number of doctors, nurses,

professionals. All these variables are taken per capita. The estimates present the same evidence

for negative spillover on health goods, as we find for health outcomes and services. Table
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Table 5: FPM spillover effect on neighboring cities’ health outcomes - controlling for city i’s
thresholds
i’s thresholds (1) (2) (3) (4) (1) (2) (3) (4) (1) (2) (3) (4)
general health

mortality morbidity ambulatory

FPMi -0.002 0.001 0.002* 0.001 -0.01 -0.0009 -0.0018 0.13*** 1.55 3.33** 4.56** 3.95
(0.002) (0.001) (0.001) (0.004) (0.01) (0.01) (0.01) (0.04) (2.62) (1.67) (1.79) (4.71)

FPMj -0.00001 -0.0043*** -0.0041** -0.001 -0.01 -0.01** -0.03** -0.11*** 1.96 -0.59 1.34 1.14
(0.002) (0.002) (0.002) (0.004) (0.01) (0.01) (0.01) (0.04) (2.07) (1.74) (2.02) (5.06)

obs 1169 982 901 542 1169 982 901 542 1162 973 900 542

PSF program

PSF users total doctor

FPMi 0.44*** 0.44*** 0.61* 0.61* 0.23 0.73*** -0.19 1.71*** 0.32*** 0.13*** -0.02 0.05
(0.15) (0.07) (0.31) (0.31) (0.45) (0.16) (0.13) (0.54) (0.08) (0.04) (0.02) (0.06)

FPMj -0.12 -0.15* -0.19 -0.19 0.14 -0.46*** 0.38** -1.36** -0.22*** -0.12*** 0.02 -0.07
(0.11) (0.08) (0.34) (0.34) (0.36) (0.17) (0.15) (0.58) (0.06) (0.04) (0.02) (0.06)

obs 1107 948 511 511 1169 982 901 542 1060 873 843 499

nurse college high

FPMi 0.19** 0.20*** -0.02 0.11 -0.66** 0.25*** -0.21*** 1.51** -0.03 0.36*** -0.11 0.23
(0.09) (0.05) (0.04) (0.08) (0.3) (0.07) (0.06) (0.65) (0.46) (0.08) (0.08) (0.16)

FPMj -0.04 -0.13** 0.06 -0.05 0.46* -0.14* 0.23*** -1.27* 0.22 -0.17** 0.09 -0.11
(0.06) (0.05) (0.04) (0.08) (0.23) (0.08) (0.07) (0.66) (0.35) (0.08) (0.09) (0.18)

obs 1086 914 858 508 783 629 672 372 1057 866 837 493

preventive actions

vaccination special referral home care

FPMi -0.04 0.18* -0.18 0.16 0.06** 0.04*** -0.01 -0.05 -0.02** -0.01 -0.0010 0.0035
(0.19) (0.11) (0.13) (0.34) (0.03) (0.01) (0.02) (0.04) (0.01) (0.01) (0.0042) (0.0036)

FPMj -0.34** -0.40*** -0.23 -0.62* 0 0 0.04** 0.09** 0.01 -0.0037 0.0039 -0.0023
(0.15) (0.12) (0.14) (0.36) (0.02) (0.01) (0.02) (0.04) (0.01) (0.01) (0.0047) (0.0046)

obs 1169 982 901 542 1025 869 826 487 665 608 576 341

Note: ∗p < 0.10, ∗ ∗ p < 0.05, ∗ ∗ ∗p < 0.01. Covariates omitted. Standard errors in parenthesis. We use

logarithms of per capita FPM and health outcomes. We use cities near 10% from each of the thresholds. We

consider the childhood mortality, that is, from children with up to 5 years old. We use data from the period

2002-2007.
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Table 6: FPM spillover effect on neighboring cities’ health outcomes - controlling for j’s
thresholds
j’s thresholds (1) (2) (3) (4) (1) (2) (3) (4) (1) (2) (3) (4)
general health

mortality morbidity ambulatory

FPMj -0.49** -0.51*** -0.21 -0.32 -0.20*** -0.15*** -0.18*** -0.25*** 0.55*** 0.35*** 0.19 0.36*
(0.21) (0.18) (0.21) (0.34) (0.07) (0.05) (0.05) (0.09) (0.14) (0.09) (0.12) (0.21)

obs 1600 1396 1187 711 1638 1439 1223 736 1632 1436 1218 732

PSF program

PSF users total doctor

FPMj 0.25*** 0.24*** 0.25*** 0.05 0.99*** 1.21*** 1.13*** 1.53*** -0.07 0.78*** 0.68** 0.35
(0.09) (0.08) (0.06) (0.08) (0.28) (0.25) (0.25) (0.44) (0.33) (0.25) (0.29) (0.48)

obs 1599 1386 1180 693 1547 1326 1141 680 1499 1271 1105 661

nurse college high

FPMj 0.66** 1.15*** 0.98*** 1.38*** 2.29*** 2.26*** 1.02 4.50*** 1.38*** 0.90*** 1.68*** 2.05***
(0.26) (0.25) (0.24) (0.4) (0.81) (0.65) (0.66) (1.18) (0.39) (0.22) (0.33) (0.52)

obs 1546 1324 1139 680 1148 988 833 492 1484 1280 1105 655

preventive actions

vaccination special referral home care

FPMj -0.52*** -0.33*** -0.53*** -0.48*** 1.67*** 1.71*** 1.55*** 1.95*** -0.24 0.05 -2.17*** -0.19
(0.09) (0.06) (0.07) (0.1) (0.38) (0.29) (0.32) (0.51) (0.77) (0.58) (0.57) (0.85)

obs 1638 1439 1223 736 1490 1244 1087 644 1009 876 726 454

Note: ∗p < 0.10, ∗ ∗ p < 0.05, ∗ ∗ ∗p < 0.01. Covariates omitted. Standard errors in parenthesis. We use

logarithms of per capita FPM and health outcomes. We use cities near 10% from each of the thresholds. We

consider the childhood mortality, that is, from children with up to 5 years old. We use data from the period

2002-2007.

7 presents the estimated impacts of FPM on health professionals. The regressions without

controlling for spillover (on the left) shows positive and significant effects on the per capita

number of nurses (1.3% at threshold 1) and on the per capita number of PSF teams (2.13%

at threshold 4). When we add the neighbors’ FPM (on the right), the spillover on the number

of doctors is negative (-1% at threshold 2), while the effects on nurses and PSF team are even

larger (2.29% and 3.28% at threshold 4).

In Table 8, we see positive effects on the number of hospitals, health centers and hospital

beds (0.48%, 0.39% and 0.37%, respectively, at threshold 2) without controlling for spillover.

When adding FPMj, the significant spillovers are concentrated at threshold 1: -0.42%, -0.58%

and -0.24%, respectively, reinforcing the negative correlation on health, now on the health

establishments.

Finally, in Table 9 we show a positive effect of an 1% FPM increase on the number of general

(0.76%), pediatric (0.58%) and gynecologic (0.81%) doctors in cities near threshold 2. There are

negative spillover for all specialties, excepts for gynecologists. Overall, there are evidences of

increases in medical specialization due to FPM, but these effects should be marginally greater

if there were no spillovers.
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Table 7: FPM spillover effect on neighboring cities’ health outcomes - controlling for j’s
thresholds
j’s thresholds (1) (2) (3) (4) (1) (2) (3) (4) (1) (2) (3) (4)
general health

mortality morbidity ambulatory

FPMi 0.22 0.16 -0.74** 1.03 0.03*** 0.01 0.01 -0.02 5.83*** 5.77*** 5.38*** 3.69
(0.32) (0.27) (0.35) (0.95) (0.01) (0.01) (0.01) (0.02) (1.55) (1.26) (1.7) (5.14)

FPMj -0.68 -0.63** 0.28 -1.25 -0.04*** -0.02*** -0.01*** 0.01 -0.79 -0.48 -1.07 0.47
(0.43) (0.28) (0.34) (1.04) (0.01) (0.01) (0.01) (0.02) (1.94) (1.27) (1.55) (5.16)

obs 1600 1396 1187 711 1638 1439 1223 736 1632 1436 1218 732

PSF program

PSF users total doctor

FPMi 0.48*** 0.37*** 0.35*** 0.78*** 0.66*** 0.03 1.02*** -0.67 0.10*** -0.01 0.14*** 0.21**
(0.08) (0.07) (0.08) (0.22) (0.15) (0.1) (0.3) (0.5) (0.03) (0.02) (0.04) (0.1)

FPMj -0.21** -0.04 -0.06 -0.52** -0.57*** 0.20* -0.57** 1.01** -0.14*** 0.01 -0.10*** -0.21**
(0.1) (0.07) (0.07) (0.22) (0.19) (0.1) (0.27) (0.51) (0.04) (0.02) (0.04) (0.1)

obs 1599 1386 1180 693 1638 1439 1223 736 1499 1271 1105 661

nurse college high

FPMi 0.10*** 0.05* 0.24*** 0.06 0.29*** -0.04 0.37*** -1.49** 0.20** -0.05 0.53* -0.18
(0.04) (0.03) (0.06) (0.1) (0.07) (0.05) (0.11) (0.6) (0.09) (0.05) (0.3) (0.17)

FPMj -0.10** 0.02 -0.11** 0.02 -0.27*** 0.01 -0.28*** 1.70*** -0.12 0.14*** -0.25 0.29*
(0.05) (0.03) (0.05) (0.1) (0.09) (0.05) (0.09) (0.63) (0.11) (0.05) (0.25) (0.17)

obs 1546 1324 1139 680 1148 988 833 492 1484 1280 1105 655

preventive actions

vaccination special referral home care

FPMi -0.07 -0.15 -0.07 -0.02 0.05 0.03** 0.04*** 0.01 0.0027 -0.01** -0.0013 0.01***
(0.13) (0.1) (0.12) (0.29) (0.15) (0.01) (0.01) (0.05) (0.01) (0.01) (0.0048) (0.01)

FPMj -0.34** -0.18* -0.43*** -0.38 0.1 0.03** 0.01 0.01 -0.01 0.01 -0.0044 -0.01**
(0.16) (0.1) (0.11) (0.29) (0.19) (0.01) (0.01) (0.05) (0.02) (0.01) (0.0044) (0.0048)

obs 1638 1439 1223 736 1490 1244 1087 644 1009 876 726 454

Note: ∗p < 0.10, ∗ ∗ p < 0.05, ∗ ∗ ∗p < 0.01. Covariates omitted. Standard errors in parenthesis. We use
logarithms of per capita FPM and health outcomes. We use cities near 10% from each of the thresholds. We use

data from the period 2002-2007.
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Table 8: FPM spillover effect on the number of health professionals in neighboring cities -
controlling for i’s thresholds

only own FPM control for spillover
doctors nurses health professionals PSF teams doctors nurses health professionals PSF teams

threshold 1
FPMi -0.03 1.30*** 0.60*** 1.08*** 0.08 1.46*** 0.62** 0.77*

(0.3) (0.25) (0.23) (0.34) (0.36) (0.3) (0.27) (0.41)
FPMj . . . . -0.12 -0.37* -0.07 0.48*

. . . . (0.23) (0.21) (0.18) (0.27)
obs. 645 678 686 627 645 678 686 627

threshold 2
FPMi 0.36* 1.18*** 1.18*** 1.91*** 0.75*** 0.98*** 1.24*** 1.59***

(0.21) (0.22) (0.27) (0.29) (0.24) (0.25) (0.3) (0.31)
FPMj . . . . -1.00*** 0.61** -0.12 0.94***

. . . . (0.27) (0.27) (0.32) (0.33)
obs. 534 563 570 505 534 563 570 505

threshold 3
FPMi 0.2 0.72*** 0.70*** 1.79*** 0.45* 0.73*** 0.80*** 1.92***

(0.18) (0.16) (0.13) (0.27) (0.24) (0.22) (0.18) (0.35)
FPMj . . . . -0.49* -0.02 -0.18 -0.23

. . . . (0.27) (0.23) (0.2) (0.4)
obs. 532 540 552 528 532 540 552 528

threshold 4
FPMi -0.23 1.04*** -0.11 2.13*** 1.44 2.29*** 0.72 3.28***

(0.32) (0.27) (0.23) (0.36) (0.93) (0.76) (0.62) (1.2)
FPMj . . . . -2.64** -1.98* -1.31 -1.74

. . . . (1.34) (1.11) (0.88) (1.7)
obs. 298 298 302 277 298 298 302 277

Note: ∗p < 0.10, ∗ ∗ p < 0.05, ∗ ∗ ∗p < 0.01. Covariates omitted. Standard errors in parenthesis. We use
logarithms of per capita FPM and health outcomes. We use cities near 10% from each of the thresholds. We use

data from the period 2002-2007.
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Table 9: FPM spillover effect on the number of health establishments - controlling for i’s
thresholds

only own FPM control for spillover
hospitals health centers hospital beds hospitals health centers hospital beds

threshold 1
FPMi -0.22 0.15 0.02 0.06 0.32 0.21

(0.18) (0.2) (0.1) (0.22) (0.21) (0.13)
FPMj . . . -0.42*** -0.58*** -0.24**

. . . (0.15) (0.16) (0.09)
obs. 179 393 461 179 393 461

threshold 2
FPMi 0.48*** 0.39*** 0.37*** 0.48*** 0.49*** 0.44***

(0.06) (0.09) (0.13) (0.06) (0.1) (0.15)
FPMj . . . 0.01 -0.24 -0.13

. . . (0.11) (0.15) (0.17)
obs. 153 354 468 153 354 468

threshold 3
FPMi 0.38*** 0.29 0.36*** 0.03 0.01 0.52***

(0.12) (0.24) (0.09) (0.22) (0.33) (0.13)
FPMj . . . 0.95* 0.19 -0.32**

. . . (0.53) (0.33) (0.15)
obs. 165 332 497 165 332 497

threshold 4
FPMi -0.01 0.32** -0.03 0.52 0.33 -0.11

(0.47) (0.14) (0.07) (0.89) (0.37) (0.16)
FPMj . . . -3.8 -0.01 0.14

. . . (2.73) (0.48) (0.22)
obs. 80 205 295 80 205 295

Note: ∗p < 0.10, ∗ ∗ p < 0.05, ∗ ∗ ∗p < 0.01. Covariates omitted. Standard errors in parenthesis. We use

logarithms of per capita FPM and health outcomes. We use cities near 10% from each of the thresholds. We use

data from the period 2002-2007.
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Table 10: FPM spillover effect on medical specialization - controlling for i’s thresholds
control for: only own FPM spillover from FPMj
medical specialties general preventive pediatric gynecologic surgeon general preventive pediatric gynecologic surgeon

threshold 1
FPMi 0.43 -0.54 -0.11 -0.36 0.85 0.59 -0.52 0.18 -0.55 1.83

(0.33) (0.36) (0.22) (0.24) (0.73) (0.38) (0.46) (0.27) (0.39) (1.2)
FPMj . . . . . -0.22 -0.02 -0.61** 0.31 -2.56*

. . . . . (0.23) (0.37) (0.29) (0.41) (1.47)
obs. 552 570 148 179 113 552 570 148 179 113

threshold 2
FPMi 0.76*** -0.07 0.58*** 0.81*** 0.24 1.04*** -0.04 1.10*** 0.79*** 0.35

(0.28) (0.25) (0.2) (0.2) (0.57) (0.32) (0.28) (0.35) (0.21) (0.74)
FPMj . . . . . -0.67** -0.18 -0.95* -0.11 -0.05

. . . . . (0.32) (0.34) (0.57) (0.36) (0.76)
obs. 483 471 103 163 123 483 471 103 163 123

threshold 3
FPMi 0.92*** -0.19 -0.19 -0.02 0.48* 0.76** 0.13 0.01 -0.09 0.74**

(0.25) (0.25) (0.26) (0.3) (0.25) (0.34) (0.31) (0.4) (0.46) (0.37)
FPMj . . . . . 0.18 -0.70** -0.2 0.23 -0.57

. . . . . (0.37) (0.35) (0.34) (0.54) (0.49)
obs. 472 495 167 178 181 472 495 167 178 181

threshold 4
FPMi -0.12 0.31 0.61 0.72 -0.11 -0.49 1.65 2.09 1.89 0.61

(0.31) (0.43) (0.41) (0.67) (0.37) (0.73) (1.09) (2.46) (1.6) (0.6)
FPMj . . . . . 0.63 -2.08 -1.74 -1.59 -1

. . . . . (1.05) (1.56) (2.72) (1.3) (0.67)
obs. 274 255 110 129 95 274 255 110 129 95

Note: ∗p < 0.10, ∗ ∗ p < 0.05, ∗ ∗ ∗p < 0.01. Covariates omitted. Standard errors in parenthesis. We use logarithms of per capita FPM and health outcomes. We use cities
near 10% from each of the thresholds. We use data from the period 2002-2007.
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8 The role of political incentives

In this section, we remake the estimates of FPM impacts on health services and outcomes,

controlling for political variables. In particular, we wonder if political competition is one

of the factors that explain the negative impacts of these expenditures among neighboring

municipalities. One hypothesis is that the health services publicly provided can have strong

externalities for nearby populations and particularly we expect that mayors and health managers

may be ”free-riding” the neighbors’ provisions in some extent.

On the one hand, the increase of health care can impact on health in nearby municipalities

due to the reduction in the spread of diseases and the total demand for medical services. On the

other hand, health goods can not be denied or priced, thus the increase in health services can

attract people from other cities who do not have the service in their cities (e.g., the presence of a

doctor at the health center). In this context, mayors can wait the neighbors before investing in

health, to force investment in the neighboring towns. This effect should be greater in the cities

with more political competition and when the neighboring mayors are not of the same party, in

which case it is more difficult to coordinate spending between neighboring municipalities.

We conduct this test in Table 10. As usual, the spillover is negative for most indicators,

but the spillover effect is even stronger when we consider cities i and j with greater political

competition, that is, when mayoral elections have a difference smaller than 10 % of the votes

between the first and second place. When we control by mayors from different parties, the

spillover effect is even more negative in some cases, especially in smaller cities, which reinforces

the hypothesis that the negative correlation between health services are largely due to political

incentives, and not just a demand driven effect.
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Table 11: FPM impacts on neighboring cities’ health outcomes, controlling for the mayors’ parties and political competition
overall margin victory <10% margin victory <10%

different parties
morbidity ambulatory vaccination PSF visits morbidity ambulatory vaccination PSF visits morbidity ambulatory vaccination PSF visits

threshold 1
FPMi 0.12** -1.37*** 0.11 0.29 0.16 -1.63*** -0.03 0.05 0.09 -1.37** -0.14 0.07

(0.06) (0.23) (0.09) (0.18) (0.13) (0.47) (0.21) (0.45) (0.13) (0.53) (0.23) (0.51)
FPMj -0.29*** -0.93*** -0.60*** -0.05 -0.47*** -0.66 -0.70*** -0.44 -0.49*** -0.68 -0.66** -0.44

(0.06) (0.24) (0.09) (0.18) (0.16) (0.60) (0.26) (0.58) (0.17) (0.68) (0.29) (0.65)
R2 0.06 0.27 0.13 0.01 0.08 0.22 0.11 0.03 0.11 0.21 0.12 0.03
obs. 1671 1670 1671 1615 347 347 347 337 295 295 295 286

threshold 2
FPMi 0.21*** -0.77*** -0.35*** 0.33 0.60** 0.30 -0.37 1.04** 0.59** 0.01 -0.29 0.81

(0.07) (0.25) (0.10) (0.21) (0.23) (0.54) (0.24) (0.48) (0.24) (0.61) (0.27) (0.54)
FPMj -0.35*** -1.41*** -0.17* 0.06 -0.82*** -3.24*** 0.17 -0.54 -0.85*** -2.75*** 0.12 -0.12

(0.07) (0.25) (0.10) (0.21) (0.23) (0.54) (0.24) (0.47) (0.23) (0.60) (0.26) (0.52)
R2 0.05 0.24 0.11 0.01 0.13 0.32 0.08 0.08 0.16 0.30 0.09 0.09
obs. 1438 1438 1438 1387 294 294 294 284 254 254 254 245

threshold 3
FPMi 0.05 -1.16*** -0.17* 0.25 -0.01 -2.30*** 0.72*** -0.19 0.07 -2.39*** 0.73*** -0.06

(0.06) (0.25) (0.10) (0.20) (0.14) (0.60) (0.23) (0.36) (0.14) (0.68) (0.23) (0.35)
FPMj -0.12* -1.34*** -0.34*** 0.05 -0.06 -0.84 -0.66*** 0.02 -0.21 -0.81 -0.71*** -0.10

(0.06) (0.25) (0.10) (0.19) (0.12) (0.51) (0.20) (0.31) (0.13) (0.63) (0.21) (0.32)
R2 0.01 0.26 0.12 0.02 0.06 0.30 0.14 0.04 0.12 0.28 0.15 0.04
obs. 1306 1305 1306 1286 274 274 274 272 220 220 220 218

threshold 4
FPMi 0.21 -1.54*** -0.44*** 0.77* 0.67 -0.84 -0.30 0.02 0.49 -1.46 0.11 -0.02

(0.19) (0.36) (0.16) (0.43) (0.82) (0.95) (0.33) (0.59) (0.77) (1.13) (0.34) (0.64)
FPMj -0.18 -1.30*** -0.03 0.39 -0.34 -2.12** 0.18 -0.24 -0.23 -1.93* 0.24 -0.22

(0.19) (0.35) (0.15) (0.41) (0.75) (0.87) (0.31) (0.50) (0.69) (1.01) (0.30) (0.52)
R2 0.01 0.37 0.13 0.10 0.09 0.37 0.06 0.06 0.03 0.36 0.13 0.07
obs. 777 777 777 750 163 163 163 156 133 133 133 126

Note: ∗p < 0.10, ∗ ∗ p < 0.05, ∗ ∗ ∗p < 0.01. Covariates omitted. Standard errors in parenthesis. All variables are per capita, considering the local population. We use the
logarithm of FPM effectively transferred, provided by the Secretary of the Treasury, as the independent variable. Data from 2002-2012. We control for a second degree

polynomial for own and neighbors’ population. We control for fixed effect and the estimated standard deviations are clustered in the local level.
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9 Conclusions

In this paper, we seek to identify the impacts of the main unconditional resource transferred

to municipalities, the FPM, on public health indicators, as childhood mortality, morbidity and

preventive measures, estimating the direct effect of the grant and the spillovers from neighboring

cities. We explore the discontinuities in the FPM transference according to population brackets

in a Regression Discontinuity Design and we choose municipalities and neighbors close to

different threshold to identify these two impacts.

First, we regress the health outcomes on the own FPM only, considering all the thresholds

together. We find a robust and negative effect of own FPM on the childhood mortality and

morbidity rate, number of vaccination doses and number of medical referral to home hospitalization;

and an increase in the number of ambulatory consultations, PSF users and visits, PSF visits

with doctors and nurses, and also on the number of PSF referrals for special treatment, which

increase more than 1% for each 1% increase in per capita FPM. The Family Health Program

seems to be the principal factor that reduces demand for hospitalization, stopping the contagious

of diseases.

When we analyze the thresholds separately, we find negative and significant impacts on

morbidity and infant mortality at the second threshold. The cities near the first threshold

invest more on preventive measures due to FPM, specially on the Family Health Program. The

exceptions are the (per capita) number of immunization doses, which has a general reduction

for all the thresholds. Also, there is an increase on ambulatory rate, specially in more populous

cities.

These results suggest that small cities invest more the FPM on preventive actions. A possible

explanation is that more complex health services to be used in an urgency situation are more

expensive to the small cities of our sample, since health services have very high economies of scale.

Public health managers have more chances to identify effective preventive measures that reduces

morbidity in small cities, indicating a positive effect of delegating to cities this constitutional

responsibility. Decentralization may be good to correctly invest the health money, but a stronger

accountability is necessary to guarantee the efficient spending.

We also test for spillover effects between neighboring cities, considering neighboring cities

near different thresholds. Overall, the results indicate a strong and negative spillover effect,

specially when the neighbor j is smaller than the city i. Moreover, many of the direct FPM
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impact is driven by neighbors’ spillover. In the case of morbidity rate - the own FPM impact

is negative when we do not control for spillover and becomes positive when we control, while

the spillover is negative, specially when the neighbor is small. The negative spillover may be

caused by the reduction in the demand in big towns’ hospitals due to the preventive measures

in small towns. There are also negative spillovers on preventive actions, as vaccination doses,

total number of PSF visits and number of doctor visits, which suggest the free-rider problem in

the health system.

We estimate the FPM effects on health goods publicly provided and the patterns are similar.

We find negative spillover on the number of doctors, nurses and hospital beds, showing that

the spillover effect on the reduction of the morbidity may be caused by a deliberate reduction

on the number of beds, that is, by the supply side. The negative spillover on health outcomes

may be enhanced by the strategic interaction between mayors and public health managers. In

the situation of impossibility of coordination, managers can hold investments to force neighbors’

investment. The consequence of this interaction can be overall inefficiency, leading to an under

provision of health goods, as hospital beds.

We test if the negative spillovers are conducted by political channels. The results show

that political alignment and local competition may play a major rule to explain the estimated

spillovers. The spillovers on health are larger in magnitude if the mayors’ parties are different,

which may reinforce coordination problems, and if there is more political competition, suggesting

that political incentives seem to react to health policies of the neighboring municipalities, due

to pressure of the local electorate.
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intramunicipal no Brasil: um exerćıcio utilizando RDD. Dissertation submitted to the
Department of Economics, University of Brasilia as a requirement for obtaining a Master’s
Degree in Public Sector Economics.

Baicker, K., Chernew, M., Robbins, J. (2013). The spillover effects of Medicare managed care:
Medicare Advantage and hospital utilization. Journal of Health Economics. Volume 32, Issue
6, Pages 1289–1300

Bazu, A., Meltzer, D. (2005). Implications of spillover effects within the family for medical
cost-effectiveness analysis Journal of Health Economics. Volume 24, Issue 4, Pages 751–773

Bobinac, A., van Exel, N. Rutten, F. Brouwer, W. (2010). Caring for and caring about:
Disentangling the caregiver effect and the family effect Journal of Health Economics. Volume
29, Issue 4, Pages 549–556

Brollo, F., Nannicini, T., Perotti, R. and Tabellini, G. (2013). The Political Resource Curse.
American Economic Review, 103(5), 1759-1796.

Calonico, S., Cattaneo, M. and Titiunik, R. (2014a). Robust nonparametric confidence intervals
for Regression-Discontinuity Designs. Econometrica, 82(6), 2295–2326.

Calonico, S., Cattaneo, M. and Titiunik, R. (2014b). Robust data-driven inference in the
Regression-Discontinuity Design. Stata Journal, 14(4), 909-946.

Carande-Kulis, V., Getzen, T., Thacker, S. (2007). Public Goods and Externalities: A Research
Agenda for Public Health Economics Journal of Public Health Management Practice. Volume
13 - Issue 2 - p 227–232

Castro, M., Mattos, E., Regatieri, R. (2015). Fiscal interactions and spillover effects of a
federal grant to Brazilian municipalities. Working paper Escola de Economia de São Paulo
(EESP-FGV)

Chandra, A., Staiger, D. (2007). Productivity spillovers in healthcare: evidence from the
treatment of heart attacks. The journal of political economy. 115:103-140.

Channa, A., Faguet, J. (2012). Decentralization of health and education in developing countries:
a quality-adjusted review of the empirical literature. Economic Organization and Public Policy
Discussion Papers, EOPP 38. London, UK, STICERD.

Duarte, A. J., Silva, A. M., Luz, E. M., Gerardo, J. C. (2009). Transferências Fiscais
Intergovernamentais no Brasil - Avaliação das Transferências Federais, com Ênfase no
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de saúde no Brasil. ANPEC - Anais do XLI Encontro Nacional de Economia.

Slack, E. (1980). Local fiscal response to intergovernmental transfers. The Review of Economics
and Statistics, 62(3), 364-370.

TCU - Tribunal de Contas da União (2008). Transferências governamentais constitucionais.
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Appendix

A FPM Law coefficients

Table 12: FPM State coefficients
UF (%) UF (%)
Acre 0,3 Paráıba 3,2
Alagoas 2,1 Paraná 7,3
Amapá 0,1 Pernambuco 4,8
Amazonas 1,2 Piaúı 2,4
Bahia 9,3 Rio de Janeiro 2,7
Distrito Federal 0,0 Rio Grande do Norte 2,4
Ceará 4,6 Rio Grande do Sul 7,3
Esṕırito Santo 1,8 Rondônia 0,7
Goiás 3,7 Roraima 0,1
Maranhão 4,0 Santa Catarina 4,2
Mato Grosso 1,9 São Paulo 14,3
Mato Grosso do Sul 1,5 Sergipe 1,3
Minas Gerais 14,2 Tocantins 1,3
Pará 3,3 TOTAL 100,0

Source: Ministério da Fazenda (2012a).

Table 13: FPM coefficient according to population brackets – inland cities
Range Coefficient Range Coefficient
Up to 10,188 0.6 61,129 to 71,316 2.4
10,189 to 13,584 0.8 71,317 to 81,504 2.6
13,585 to 16,980 1 81,505 to 91,692 2.8
16,981 to 23,772 1.2 91,693 to 10,1880 3
23,773 to 30,564 1.4 101,881 to 115,464 3.2
30,565 to 37,356 1.6 115,465 to 129,048 3.4
37,357 to 44,148 1.8 129,049 to 142,632 3.6
44,149 to 50,940 2 142,633 to 156,216 3.8
50,941 to 61,128 2.2 More than 156,216 4

Source: Ministério da Fazenda (2012a).

B Health outcomes description
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Table 14: Variables definition
Variable Theme/description Source
mortality Number of deaths by age groups DATASUS
less 1 Mortality among individuals younger than one year on this population
1 to 4 Mortality among individuals from 1 to 4 years on this population
5 to 14 Mortality among individuals from 5 to 14 years on this population
15 to 29 Mortality among individuals from 15 to 29 years on this population
30 to 59 Mortality among individuals from 30 to 59 years on this population
more 60 Mortality among individuals of 60 years or more on this population

Morbidity Hospitalizations on the population DATASUS
Vaccination Number of vaccination doses DATASUS
Outpatient Outpatient services DATASUS

PSF variables Family Health Program
home care number of home hospitalization DATASUS
specialized care Number of medical referrals to specialized treatment DATASUS
PSF visit Number of PSF home visits by medical professional degree DATASUS
doctor Number of medical’s professional visits
nurse Number of nurses’ professional visits
college Number of visits by health professionals with college degree
high Number of visits by health professionals with high school degree

FPM Real value of received FPM FINBRA
budget spending Real value of budget spending FINBRA
health spending Real value of health spending FINBRA
population Local population used to calculate the FPM share FINBRA

Source: DATASUS. All the variables are considered as the proportion of the city population.
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C Mccrary (2008)’s forcing variable Discontinuity test by year

Figure 6: Mccrary (2008) forcing variable Discontinuity test by year

Source: FINBRA. Elaborated by the authors.
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D Local population histogram by year

Figure 7: Local population histogram: 2002 - 2006

Source: FINBRA. Elaborated by the authors.
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E Litschig and Morrison (2013)’s specification

We present an alternative estimation in each we use the methodology in Litschig and Morrison
(2013) and data from 2002-2007. We use a similar strategy than Litshig and Morrison (2013)
but different period (2002-2007 instead of the eighties) and state-trend (as in Rocha and
Soares, 2010) as control variables. We do not find significant impacts on mortality, but
a reduction in morbidity rate (near 0.2%). This suggests that unconditional transfers may
have a limited impact on mortality in small municipalities in Brazil but they seem to reduce
morbidity, as we have estimated previously.
We use the specification in Litschig and Morrison (2013) to estimate the overall impact in
municipalities near one of the three thresholds:

Yi = τ1[scorei > 0]1p +
3∑
j=1

{[βj0scorei + βj1score× 1[scorei > 0]]1jp

+αj [segθ−1 < populationi ≤ segθ]1jp}+ µXi + σSiTi + ϕi

where:
1p = 11p + 12p + 13p;

1jp = 1[cj(1− p) < populationi < cj(1 + p)];

cj = {10, 188.5; 13, 584.5; 16891.5};

j = {1, 2, 3};

p = {0.5%, 1.5%, 2%, 2.5%}.

Yi is an indicator of health or preventive measure in city i; τ is effect of treatment; Xi are the
control variables; SiTi is a non-linear trend interaction of state (Si) and year (T) dummies.
segθ denote the four integers (7,500, 11,800, 15,100, and 23,772) that partition the population
support into three segments, indexed by θ = {0, 1, 2, 3}. The β’s are state fixed effect for the
score and for the interaction between the score and a dummy equal one if scorei > 0 for each
of the segments. ϕi is the error term. We estimate a sharp RDD using observations within
successively larger neighborhoods (larger p) around the cutoff in order to assess the robustness
of the results.
The effects are very lower than estimated previously, and very less robust. The significant
estimates occurs when we use municipalities closer than 0.5% from one of the thresholds,
which can be considered a very robust specification (Lee and Lemieux, 2010). We summarize
these results in Table 16 of Appendix E. We find a 0.2% negative impact, significant at 1%,
on the morbidity rate in the regressions considering the three thresholds together and without
the state trend control. This estimate raises to 0.26% when we add the state trend control,
and in this case there is a negative effect on the ambulatory consults, -0.26%5.
We lead to the supplementary material the estimates in which we apply the Litschig and
Morrison (2013)’s methodology to a more extensive period of time, 2002 to 2010, and
considering the thresholds together and separately. Overall, the Litschig and Morrison (2013)’s
estimates confirm a negative impact on the morbidity rate and a positive impact on PSF
program, specially on the number of residents registered in PSF and on the total number of
PSF visits, and on the number of doctors and nurses’ visits.
There are some issues about using the sharp RDD to estimate the FPM impacts. In fact, the
possibility of deniers is very low. For another side, the treatment is heterogeneous across the
states (each one has a different coefficient) and the years (the national amount varies), so it is
hard to have a clear interpretation of a treatment dummy. Brollo et al (2013)’s methodology

5Considering each threshold separately, the only robust effect at 5% is a 0.57% reduction on the number of
per capita ambulatory consultations in the cities near the third threshold, without the controls.
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allows to estimate the effect of a marginal increase of 1% in per capita FPM on health
outcomes, considering also the theoretical FPM as instrument in a first stage, which is very
important due to the declaration errors in FINBRA.

Table 15: FPM impacts on Health - sharp RDD
mortality morbidity ambulatory vaccination

without control
1[score > 0] -0.04 -0.20** -0.18 -0.04

(0.08) (0.1) (0.14) (0.05)
control
1[score > 0] -0.08 -0.26*** -0.25** -0.01

(0.07) (0.1) (0.12) (0.05)
obs. 399 399 399 399

PSF users PSF visits doctor nurse

without control
1[score > 0] -0.01 0.24 0.28 0.27

(0.08) (0.3) (0.29) (0.27)
control
1[score > 0] 0.01 0.19 0.22 0.26

(0.09) (0.32) (0.33) (0.29)
obs. 248 358 333 358

college high school special referral home care

without control
1[score > 0] 0.23 0.24 0.48 0.03

(0.48) (0.33) (0.38) (0.43)
control
1[score > 0] -0.11 0.17 0.37 -0.5

(0.54) (0.36) (0.39) (0.55)
obs. 257 336 329 234

Note: ∗p < 0.10, ∗ ∗ p < 0.05, ∗ ∗ ∗p < 0.01. Covariates omitted. Standard errors in parenthesis.
We use logarithms of per capita FPM and health outcomes. We use data from the period

2002-2007 and municipalities with |score| < 0.5%.

39


