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e Por fim, mas ndo menos importante: desigualdade.
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Pano de Fundo em Economia da Saude: Complexidade

Regras de

financiament

Regras de
pagamento

Paciente Provedor
Regras de acesso
Table 15.1 Public and Private Mix in Health Care
Public Funding Private Funding
Public provision National Health Service
Private provision Social insurance (Regulated) private insurance
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Pano de Fundo em Economia da Saude: Gastos

Future and potential spending on health 2015-40:
development assistance for health, and government, prepaid
private, and out-of-pocket health spending in 184 countries
Global Burden of Disease Health Financing Collabarator Netwerk*

Abstract

Background The amount of resources, particularly prepaid resources, available for health can affect access to health
care and health outcomes. Although health spending tends to increase with economic development, tremendous
variation exists among health financing systems. Estimales of future spending can be beneficial for policy makers
and planners, and can identify financing gaps. In this study, we estimate future gross domestic product (GDP),
all-sector government spending, and health spending disaggregated by source, and we compare expected future
spending to potential future spending.

Methods We extracted GDP, government spending in 184 countries from 1980-2015, and health spend data from
1995-20M4. We used a series of ens:mbl: models to estimate future GDP, all-sector government spending,
out-of-pocket, and prepaid private health spending through 2040.
We used fmnuu analyseg to niumfy ]nnems exhibited by the countries that dedicate the most funding to health, and

ding for each low-income or middle-income country. All estimates

are nflation and purchasing power adjusted.

Findings We estimated that global spending on health will increase from USS9.21 trillion in 2014 to $24. 24 trillion
(uncertainty interval [UI] 20-47-29-72) in 2040. We expect per capita health spending to increase fastest in upper-
middle-income countries, at 5:3% (UI 4-1-6-8) per year. This growth is driven by continued growth in GDP,
government spending, and government health spending. Lower-middle income countries are expected to grow at
4:2% (3-8-4-9). High-income countries are expected to grow at 2-1% (UI 1-8-2-4) and low-income countries are
expected to grow at 1.8% (1-0-2.8). Despite this growth, health spending per capita in low-income countries is

ed to remain low, at $154 (UI 133-181) per capita in 2030 and $195 (157-258) per capita in 2040. Increases in
national health spending to reach the level of the countries who spend the most on health, relative to their level of
economic development, would mean $321 (157-258) per capita was available for health in 2040 in low-income
countries.

Interpretation Health spending is associated with economic development but past trends and relationships suggest
that spending will remain variable, and low in some low-resource settings. Policy change could lead 10 increased

health spending, although for the poorest countries external support might remain essential.

Funding Bill & Melinda Gates Foundation.

Copyright © The Author(s). Published by Elsevier Ltd. This is an Open Access article under the CC BY 4.0 license.

@

Lancet 2017;389:2005-30

Publshed Onine

apr 19,2017

hitpd/dsdoiorg 103016/

S0140-G736(17)308735

Tis online publication has
comected. The corrected

version first appeared at

thelancet.comon May18, 2017

See Comment page 1955

“Collaborstors sted s the end

oftheiArtide

Correspondence t

Drjoseph L Dickeman,

2301 Sth Avenve, uite 600,

Seatte WA 98121, USA

dicleman e




Pano de Fundo em Economia da Satude: Transformacao

o Sistemas de saide sao extremamente complexos... e estao sob pressao
crescente.

e Sistemas ao redor do mundo estao experimentando com reformas, sem um
benchmark ideal... necessariamente se transformarao.

e Quais serao as consequéncias? Quais os riscos e oportunidades?

o Em particular, dados e ciéncia de dados tém sido apontados como fonte
de solugoes.

e Via inovacoes nao apenas em bens e servicos de satde, mas via mitigacao
de falhas informacionais e no apoio a gestao de sistemas.

o Beneficios estao cada vez mais claros. Mas riscos também.
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Dados e Ciéncia de Dados em Mais detalhes

@ Mas como utilizar massa crescente de dados e de informagao a servigo da
saude?
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@ Para previsdo de fenémenos: difusdo de infecciosas ou prevencao de
cronicas...

@ Para identificagao de relagdes causais... afinal, em que medida isso e aquilo
funcionam?

e Quando falamos sobre big data e ML, em geral nos referimos a
caracterizagoes (em tempo real) e modelos preditivos.

e Muito por conta disso, me concentro a partir de agora em causalidade: nao
menos importante e mais artesanal.
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Causalidade a Servico da Saude

e Muito frequentemente queremos identificar e quantificar uma relacao de
causalidade entre duas varidveis:

o Uma determinado medicamento causou melhoria na satide dos pacientes?

o Uma determinada politica causou uma queda na mortalidade infantil?
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e Muito frequentemente queremos identificar e quantificar uma relacao de
causalidade entre duas varidveis:

o Uma determinado medicamento causou melhoria na satide dos pacientes?
o Uma determinada politica causou uma queda na mortalidade infantil?

e Em que medida? A econometria mede relacoes; e as vezes é capaz de
qualificar esta mensuragdo como causal.

e Com disponibilidade cada vez maior de dados, com técnicas econométricas
apropriadas, tem sido possivel responder perguntas relevantes.

@ Um pouco sobre técnicas e dados, para além do laboratorio:
o Técnicas: RCTs, DiD, IV, RDD, PSM...

e Um pouco sobre dados no Brasil...
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Principais Bases Publicas de Dados em Satude

o Datasus: padroniza, centraliza e dissemina informacGes em saude.
Principais sistemas de informagao (dentre +600):

o SIM (6bitos) e SINASC (nascimentos): censitarios, ~ 10x milhées obs,
desde 1996.

o SIH (hospitalizagdes): internagoes no SUS (publico e privado conveniado),
~ 100x milhées obs, desde 1996.

o SIA (ambulatorial): contem todos os procedimentos ambulatoriais do SUS
(idem), ~ bilhdes obs, desde 1996.

o CNES: informagao censitaria de todos os estabelecimentos de satide no
Brasil, ~ 300k geocoded obs/més, desde 2006.

@ Todos os microdados disponiveis publicamente; dependendo do que se
deseja: dados de qualidade, pais em desenvolvimento e muito heterogéneo.

e Acesso a dados identificados é limitado (mas identificacdo existe). Linkage
com outras bases administrativas (RAIS/MEC/MDS etc) e Georef.
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Aplicagoes

@ Algumas aplicagoes em andamento:

@ ATFP

@ UPA 24hs

@ Regionalizagao

Rudi Rocha (FGV & IE Economet



Figure 1: ATFP Expansion, 2006-2015

(a) Total Number of ATFP Pharmacies and Municipality Coverage
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Table 5: ATFP Effects by Diabetes Type

Effects by Diabetes Type
oLS 2518 RF

Panel A - Type I Diabetes (Insulin-Dependent)

Mortality 0022 0.019 0.057
(0.009)  (0.05)  (0.165)

0498 1931 5645
©157)% (07747 (2285)*

Hospitalization
Panel B - Type II Diabetes (Non Insulin-Dependent)

Mortality 0.016 -0.644 -1.884
0035)  (0.334)  (0.044)*

Hospitalization -0.528 -6.286 -18.381
(0.226) (1487 (3.989)**

Observations 71,591 71,591 71,591

Number of Municipalities 5,507 5,507 5,507

Notes: Each cell presents the results (point estimate and standard error) from a different re-
gression. The first two columns show coefficients from OLS and 2SLS specifications, respec-
tively, while the third column reports reduced-form estimates. Mortality/Hospitalization
rows refer to estimates for effects on mortality and hospitalization rates, respectively. In the
upper panel, outcomes are computed for type 1 diabetes only. The bottom panel refers to out-
comes for type Il diabetes. All regressions include municipality and year fixed effects, socioe-
conomic controls (the logarithm of GDP per capita, population density and the share of popu-
lation within each 5-year age bracket), controls for the presence of hospitals, hospital beds per
capita, PSF and PACS coverage (in %), and the number of private pharmacies per capita. Ro-

bust standard errors allowing for clustering at the municipality level in parentheses; regres-
at1%.

sions weighted by population. * significant at 10%; ** at 5%; ***




Table 7: ATFP Effects on Hospitalization by SES
Poor Zipcodes vs Non-Poor Zipcodes

Diabetes Hospitalization Rates
oLs 2518 RF

Poor Zipcodes 0003 -0.061 0177
(0004) (0019 (0.056)*

Non-Poor Zipcodes 0001 0028  -0.081
0002) (012 (0.035)*

Observations 71,591 71,591 71,591
Number of Municipalities 5,507 5,507 5,507

Notes: Each cell presents the results (point estimate and standard er-
ror) from a different all specifications the dependent vari-
able is the hyperbolic sine-transformation of the number of hospital ad-
missions for diabetes. The first two columns show coefficients from
OLS and 2SLS specifications, respectively, while the third column re-
perts reduced-form estimates. Poor/non-poor zipeodes refer to zip-
codes with average income below /above the median household in-
come per capita. All regressions include municipality and year fixed
effects, soci ic controls (the logarithm of GDP per capita, pop-
ulation density and the share of population within each 5-year age
bracket), controls for the presence of hospitals, hospital beds per capita,
PSF and PACS coverage (in %), and the number of private pharmacies
per capita. Robust standard errors alJDwmg for clustering at the mu-
mclpﬂhty level in parencheses, regressions welghted by population. *
at10%; ** i at 5%; *** signil at1%.
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UPA 24hs

= Hospitals with SUS care

= Hospital that will eventually close
= New Hospitals
A ECUs




n

4h

UPA 2

Number of people that goes to hospital 12513

000 A 40




UPA 24hs

DD Event Study - Log(No of amb procedures performed)
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UPA 24hs

DD Event Study - Deaths by 100,000 people in the hospital

Specification: ctr all

JileTe ] Lod 775
THTTT

e @ % % ¢ 9 T 4 4 % ° ¢+ & ® v e e w w®

Quarters before and after first UPA in catchment area was inaugurated

Rudi R



UPA 24hs

DD Event Study - Deaths in the UPA by 100,000 people

Specification: ctr all
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Regionalizacao
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Comentarios Finais

e Satde: muitos problemas (desafios) a frente.

e Para quem estd na drea, momento é extraordinariamente interessante:
o Pesquisadores
o Gestores
o Empreendedores

e Inovagoes podem seguramente induzir ganhos de saide e ganhos de
eficiencia. Mas:

o N&o necessariamente resolvem problemas de gastos, muito pelo contrario.

o Nao podemos descuidar da equidade...

Econome d e 02.10.2019



Desigualdade

Qdds Ratio: Non-Whites x Whites
All-Cause Mortality
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