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Resumo
O desenvolvimento pode ser estudado sob diversas perspectivas. Dentre estas, destaca-se a de Amartya Sen, na qual o objetivo maior de uma política de desenvolvimento é o de expandir a liberdade de escolha dos indivíduos. Partindo da ideia de ampliação das capabilities, define-se uma das dimensões consideradas como essenciais, a saúde, mais especificamente a mortalidade infantil, como objeto de estudo. Um dos papéis do Estado deve ser o de garantir a provisão de serviços de saúde para todos os indivíduos, já que ela pode ser classificada como um bem meritório. Em busca dos determinantes do padrão regional recente da mortalidade infantil no Brasil, utiliza-se o modelo de determinantes proximais proposto por Mosley e Chen (1984), no qual os fatores socioeconômicos influenciam indiretamente o resultado observado da variável de interesse. No Brasil, houve uma redução expressiva dos níveis de mortalidade infantil nas últimas décadas, mas ainda assim persiste uma intensa desigualdade regional. Com o objetivo de comparar os resultados alcançados localmente no país, é necessário incluir a dimensão espacial em um modelo econométrico para que os problemas decorrentes da dependência espacial possam ser evitados. Após utilizar o filtro espacial para tanto, estimando cross-sections para 1980, 1991 e 2000, o trabalho conclui que a infraestrutura de saúde, enquanto medida pelo número de leitos e de estabelecimentos perdeu importância na explicação do padrão da mortalidade infantil ao longo do tempo. Em contrapartida, as variáveis socioeconômicas tornaram-se mais relevantes e significativas. A implicação mais direta disso é que futuras políticas devem buscar melhorar o acesso das famílias aos serviços públicos de saneamento, reduzir a pobreza e a desigualdade e aumentar o nível educacional da população. Ou seja, o estímulo à prevenção familiar contra problemas que possam ocasionar a morte prematura torna-se cada vez mais essencial.
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Abstract
Development can be understood from many perspectives. Among those, the one proposed by Amartya Sen states that a development policy should aim at expanding the freedom of individuals, and this goal can be achieved by the expansion of capabilities. With this conceptual framework in mind, health, more specifically infant mortality, is chosen as a measure of development and as the object of study. The Government should guarantee the provision of health services, as they consist in meritory goods. Mosley and Chen (1984) propose a theoretical framework to study infant mortality based on the proximal determinants, in which the socioeconomic factors affect the result observed indirectly. In Brazil there has been a substantial reduction of the average levels of infant mortality rates in the last decades. However, there is still a significant regional inequality. Econometric models for 1980, 1991 and 2000 are estimated including a spatial filter in order to account for the spatial dependency observed in the data. The study concludes that health infrastructure lost its explanative power for the differences in infant mortality rate among the localities. On the other hand, socioeconomic variables have become more relevant and significant. It means that future public policies must try to improve the access of the families to public facilities, reduce poverty and inequality and improve educational levels. Therefore, the family-based prevention against health problems should be stimulated, helping to avoid premature death.
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Introduction

Ever since the 1970’s, the idea that a multidimensional perspective should be applied for the study of development has achieved consensus among researchers and policy makers. Many international institutions including the United Nations, the Organization for Economic Cooperation and Development (OECD) and the World Bank have focused on key goals to promote the international development of developing and transition countries.
 

This approach is directly related to Amartya Sen’s concept of development as the increase of freedom. Sen (1992, 2005) argues that there are many dimensions that must be considered in order to improve the quality of life and welfare of the population. Moreover, it is important to provide conditions that enhance the possibilities of choice of the individuals in every situation, or in other words, that expand their capabilities. 

Considering the multidimensional perspective of this approach, it is increasingly recognized that other variables than economic growth are relevant to understand development and find ways to appropriately promote it. For instance, the United Nations’ Millennium Development Goals propose eight targets that must be attained by 2015. They try to address the main restrictions to the individual’s freedom, giving minimal conditions for a healthy life, with higher equality and education. Three of these goals are directly related to health issues, and to measure the advances in this area, the infant mortality rate is one of the indicators proposed.
 

In this respect, the type of development strategy that should be adopted by countries in order to obtain a better outcome remains controversial (Hanmer et al. 2003). Two broad perspectives have been propounded. The first one is based on a growth-oriented vision, which maintains that the promotion of economic growth (or, equivalently, income growth) can also maximize welfare as measured by social indicators.
 This position is more concerned with productivity, and less with investments in other areas considered as of low productivity impact, such as health infrastructure. 

On the other hand, based on empirical evidence indicating that countries with the same level of income per capita can have very different levels of Human Development Index (HDI), there is a literature which states that targeting income is a narrow strategy. The relationship of income with health outcomes exists, but may be at least in part caused by a third variable. In this sense, a policy aiming to promote development must target a wide range of variables, as education, health, and household facilities, among others. Therefore, an active social policy may be advisable for this purpose.

Adopting a broader perspective of the latter approach shifts the focus from income per capita alone, to other factors that can help to explain the recent pattern observed of infant mortality. This perspective fits better the notion of multidimensional development as it identifies more complete relationships between the relevant variables. 

With these considerations in mind, the main objective of this paper is to study the determinants of infant mortality rates of Brazilian municipalities in the last decades. In particular, we seek to assess the impact of health infrastructure, as well as living conditions and socioeconomic factors, over the reduction of the regional infant mortality rate in Brazil in this period. The structure of the paper is as follows. Previous work in this area is reviewed, before describing the data and methods used in this research. Next, the results of the analysis are presented and discussed. Finally, the implications of the findings are highlighted in the closing remarks.

Brief review of the literature

The recent scientific literature reports various studies that try to understand the pattern of infant mortality in Brazil. Some of these studies were motivated by the need to evaluate the effect of specific health governmental programs, as the Health Family Program (Programa Saúde da Família - PSF) and the Community Health Agents Program (that were created in a context of decentralization of health services), taking into account socioeconomic factors. Peixoto (2008) identifies a significant effect of both programs over the reduction of the infant mortality rate (IMR) in the municipalities of the Southeast of Brazil, from 1999 to 2003. Guanais and Macinko (2009) find the same positive effect of these programs between 1998 and 2006 for the Brazilian municipalities with more than 10,000 people and reliable information (89% of the population). 

In a slightly different setting, Soares (2007) examines the main factors that explain the increase in life expectancy across Brazilian municipalities, with a panel data structure from 1970 to 2000. Income per capita, access to water and to sanitation, and illiteracy can explain 72% of its variation. 

Based on a health production function (proposed by Becker and Lewis, 1973), Alves and Belluzzo (2004) find that education, sanitary services and higher per capita income can help reducing infant mortality in a municipality level (from 1970 to 2000). They highlight the role of education as one of the most important factors, based on a variety of panel data models, including an endogeneity control (Arellano-Bond procedure)
. 
Rosemberg et al. (2000) stress the fundamental role of education over the reduction of IMR, while controlling for the influence of climate changes over health indicators, using regional dummies to represent the regional effect. The increase of temperatures has varying effects according to the region and the season of the year. The same model is used by Thomas et al. (1990), with the main result that parental education has a direct effect over child survival, independently of the link provided by income. 

There are also evaluations of general health issues, as for instance the effectiveness of prenatal health care utilization and its effect over health outcomes (Wehby et al, 2009). The authors identify regional differences in the utilization, highly correlated with the differences in the income per capita between the states. In addition, the positive relation between the higher usage and better health outcomes is identified.

On the spatial distribution of infant mortality in Brazil, Bezerra-Filho et al. (2007) try to set possible risk factors through the comparison of the spatial pattern of the IMR and other relevant variables in the state of Ceará, from 2000 to 2002. The models to explain the IMR show spatial dependency in the residuals, even with the inclusion of socioeconomic, demographic and health care variables. One of the possible causes for that is the omission of relevant variables, as for instance contagious measures. Other studies focus in specific regions of the country, using spatial autocorrelation techniques in a descriptive type of study.
 

The present paper contributes to the literature by conducting a novel geographical analysis of IMR for Brazil. The research investigates the situation for the years 1980, 1991, and 2000, with a regional treatment not previously reported in the case of the IMR at a national level (minimum comparable areas). From a technical perspective, we use variables to account for potential spatial spillovers accruing from the provision of infrastructure, the size of the urban area, and other variables of interest.

Methods

Health outcomes can be measured by any of an extensive group of indicators. Many of these indicators are almost interchangeable, in the sense that they capture the results of very similar groups of the population. Victora et al. (1994) and Hanmer et al (2003) present some: neonatal mortality (from the first to the twenty-seventh day of life), post-neonatal mortality (from the twenty-eightieth day to one year of life), child mortality (from the first to the fifth year of life), under-five mortality (number of deaths of children more than one year old and less than five years old), and finally, infant mortality (children under one year old). 

In this study, we use the latter measure, as it is easily available from data calculated by the Ministry of Health in a regionally disaggregated form. It is also one of the measures most affected by precarious life conditions, because it does not depend so much on congenital diseases (as the neonatal) or vaccination policies (as the under-five mortality rate), being more sensitive to other aspects such as nutritional conditions (Victora et al., 1994).
With regards to infant mortality, Brazil has shown consistent reduction of rates in the last decades, moving from 123.19 deaths per 1,000 people born alive in 1970 to 30.57 deaths per 1,000 people in 2000.
 However, there is a significant regional variation in the pattern of reduction, as can be seen in Figure 1. 

The states of the Northeast of Brazil
, in 1980, noticeably had a higher level of infant mortality than the rest of the country. In spite of showing substantial reductions, these states still had the highest infant mortality rates in the country in 2000.

Figure 1

Furthermore, it is possible to analyze the change in the distribution of the IMR in a more disaggregated way, as seen in Figure 2. Analysis is based on the Minimum Comparable Areas (MCA, 3,659 units), created by the Applied Institute of Economic Research (IPEA) for the purpose of making official statistics comparable between census years. These areas guarantee that each unit of analysis has the same size in every period; then, it is possible to consider both merges and splits of municipalities.
 

The maps presented in Figure 2 show a very distinctive regional pattern, characterized by high levels of IMR concentrated in part of the Northeast and small levels of IMR in the South of Brazil. Even though there has been a broad reduction in IMR levels from 1980 to 2000, this regional inequality still remains quite clear. 

Figure 2

Figure 3 displays the standard deviation of this variable across the country. Clearly, both in 1980 and 2000, the highest values over the average are in the Northeast and the lowest ones are in the Southeast. However, it is important to note that in 2000, due to the overall reduction in the infant mortality rate, the groups with extreme values became bigger, which means that the general inequality has been reduced. In spite of that, there are still relatively IMR high values in some areas of the country that reveal a relative backwardness. Markedly, the gains in reducing infant mortality have been uneven, and the developmental challenge of improving life conditions remains to be fully addressed. 

Figure 3

One of the most commonly used factors to explain the pattern of IMR is the supply of health services. Sastry (1996), Leal and Szwarcwald (1997), Hanmer et al. (2003) and Macinko et al. (2006), among others, highlight the relevance of providing health care services in past reductions of infant mortality in the Brazilian context. 
Health can be considered a public good or at least a semipublic good, in the sense that it has a high level of externalities (the benefits that come from its consumption are not totally internalized by the individual who purchases it). Besides, the government provision has also a social role. When the prices of health services are defined in the market, there may be an exclusion of the access to it of a significant portion of the population. It can be prejudicial to the survival of the individuals, justifying public provision (Rezende (2001) and Musgrove (2004)).
In the Brazilian context, Baer et al. (2000) highlight that public provision of health services was not directed to the poorer class, at least until the 1990’s. Highly specialized services were often offered to and accessed by high and medium income individuals. At the same time, basic services supply was neglected, resulting in a congested and low quality provision. Therefore, poor people often had to resort to relatively costly private services, or go without access to health care at all.
Showing this under-provision of public health care, less than 30% of hospital beds were in public institutions in 1999, according to data from IBGE (Pesquisa de Assistência Médica e Sanitária). As death in the first year of life is usually highly correlated to income, this unequal health care access may have its part in the explanation of the patterns of infant mortality still observed in the country. Therefore, the provision of health care may not have the expected effect in the reduction of infant mortality. Figure 4 reinforces this argument, showing that the spatial distribution of health care institutions does not seem to have a similar regional pattern of the IMR. 

Figure 4

Therefore, other variables must explain this regional inequality. In the search of relevant factors, usually socioeconomic variables are included and many studies have found significant relationship among the improvement of social conditions and the reduction of infant mortality.
 This can be seen in Figure 5, where the distribution of the poverty rate is compared between 1980 and 2000. Noticeably, the poverty rate distribution is much more similar to the IMR one comparing with the distribution of health infrastructure. 

Other variables that can be included in this group are the level of education and the income inequality. For the first one, the literature points out that in general an increase in the education of the population has a strong effect over the measures that the families adopt to avoid basic health problems. For the latter, there is no conclusion of the direction of its effect over IMR. The worsening of health outcomes can happen because of psychological issues and underinvestment on infrastructure in the unfavorable areas (Shi et al., 2004), or because of the concentration of poverty, that can help the proliferation of diseases (Szwarcwald et al., 2002). 
Figure 5

Deaton (2003) proposes a theoretical framework in which progressive income redistribution would result in improved health measures following decreasing returns of income over health outcomes. Therefore, inequality reduction should be expected to reduce infant mortality rates.

The conceptual framework used in this paper follows the model proposed by Mosley and Chen (1984).
 The authors use the concept of proximate determinants to assess the effect of indirect determinants. The more variables regarded as relevant in the model, the better estimated is the real effect of them over the IMR. 

This framework considers an exhaustive set of factors. However, as is usually the case, there are many relevant dimensions of it for which information is not available, or if data exist, may not be for all the years and the spatial disaggregation needed. This is an important consideration given the well-known impacts of omitted relevant variables in analysis (see for instance Greene, 2003). It creates statistical problems that can be manifested in the form of extremely high spatial autocorrelation, that is, a systematic clustering of residuals values that violates the basic assumptions of independence in regression analysis. There are many ways of dealing with this issue, depending on what is causing it (Anselin and Griffith, 1988). The approach employed here helps to correct for omitted relevant variables and the resulting autocorrelation problem, and is described in more detail in Annex 1.

Figure 6

Our analysis was bounded by the data available for the desired period and level of regional disaggregation. The main data used in the present study are the 1980, 1991 and 2000 Brazilian Census of Population (Censo Demográfico, Instituto Brasileiro de Geografia e Estatística – IBGE). In 1980, the sample consists of 25 percent of the population. Both in 1991 and in 2000, the samples have been constituted in a 10 percent base for localities with more than 15.000 habitants and a 20 percent base otherwise. The variables obtained from these sources refer to income, inequality, education, size of the population and other characteristics of the areas of analysis. 

Health service information is derived using data obtained from the Medical and Sanitary Assistance Surveys, of 1981, 1990 and 1999.
 This is an annual survey by the Brazilian Ministry of Health, and based on it we could obtain hospital beds and health institutions information, as proxies for health care provision. More details on the variables can be found in Annex 2.

Results

Analysis was conducted by means of ordinary least squares (OLS) regressions for each year. Table 1 shows the first of the models estimated in order to explain the pattern of infant mortality in the MCA of Brazil. One of the diagnostic tests used for the evaluation of the model identifies that this strategy implies in very high and significant spatial autocorrelation, what generates inefficient and biased estimates. One of the possible methods to solve this problem is the spatial filtering approach described in Annex 1. This solution avoids the adoption of any hypothesis regarding the most suitable models to explain the spatial dependence.
Table 1

With the application of a spatial filter and the spatial lag of some of the variables, the results shown in Table 2 are obtained. Getis and Griffith (2002) show that after the inclusion of the spatial filter, OLS can be used in a regression that previously had spatial autocorrelation. Spatially lagged variables measure regionally available health care services and the urban size of the neighbors, beyond that of the unit itself. In the case of urban population, for example, the spatial lag is an indicator of the degree of urbanization in neighboring areas. As seen in the table, application of a spatial filter solves the problem of spatial autocorrelation, thus resulting in consistent coefficients. The first aspect to be pointed out is that all the models have a high fit, measured by the R2 statistic (when there is no autocorrelation problem, this statistic can be analyzed in the OLS framework), which is higher than 0.87 in every year. 

Regarding health care facilities offered around the country, the main effect is captured by pubhospit and privhospit variables and their spatial lags. From that, it is possible to conclude that the increase in the number of health care institutions in a specific area contributes to the reduction of the IMR, as expected. The spatial lag (or the weighted average of the number of health care institutions of the neighbors) indicates that there is also a regional spillover effect. It means that investments in health care facilities have an effect that goes beyond the unit of analysis, to positively impact neighboring zones as well by reducing infant mortality rates there as well. Given the fine level of spatial aggregation used in this study, it may also be capturing the hierarchical provision of health services in the Brazilian urban system. 
Table 2
In this sense, it is possible to conclude that health investments can have spillover effects, meaning that there is an additional set of information to be considered when evaluating the cost-benefit relation of specific health programs, an aspect that to our knowledge has not been reported in the literature before. Another important result to note is that the direct effect of health care infrastructure decreases over time until in 2000 it is not significant anymore. As explained below, this may indicate a point where most potential benefits of health care infrastructure have been attained.

Another spatially lagged variable, W*pubhbeds, is significant only for 1991, with a positive sign. It means that if a unit has neighbors that showed an increase in the number of public hospital beds, then infant mortality may also increase in this central area. An explanation for this adverse effect can be the concentration of ill people looking for health care services in those centers with higher capacity.

Housing infrastructure provision (sanitation access) seems to have a negative effect over the IMR, as previous work has shown. It is important to notice that this variable is temporarily lagged, which means the value used is the one of 10 years before the IMR observation. It is so because sanitation provision may have a long-run effect over health outcomes of the population, meaning that diseases will be reduced slowly on time after an area’s service has been improved.

As expected, the female illiteracy rate increases the IMR. Moreover, over the course of time, this factor has become increasingly relevant in the explanation of IMR, replacing the leading role of health care infrastructure. A similar trend is observed for another socioeconomic measure, poverty, with the analysis indicating that income has continued to have a significant and increasing impact over infant mortality. It is noteworthy that at the same time that socioeconomic variables gained relevance in our analysis, health infrastructure lost some significance. This can be seen as an increase in the importance of prevention of health problems based on the increase of information related to family behavior to avoid simple problems that could result in infant death.
In relation to this as well, income inequality has also an adverse effect over health outcomes, probably because the concentration of poverty generates an environment that is suitable for the proliferation of diseases, as discussed in the previous section. This coefficient confirms the expected result of Deaton’s model (Deaton, 2003), reaffirming the idea of decreasing returns of income over health outcomes. 

The degree of urbanization does not seem to have an influence over the IMR. A possible reason for that is that its main effect may be being captured by other variables indirectly, as for instance facilities provision. However, high urbanization in the neighborhood reduces the IMR in the MCA considered (with a stronger effect in the later decades).

Discussion
The results presented above indicate that there is a relevant spatial effect to be considered when the object of study is the IMR.  One of the causes for this very high level of spatial autocorrelation is the omission of relevant variables in the model. All relevant variables are not readily available for the period under analysis, and therefore the application of spatial analysis techniques was needed. The method of spatial filtering allows us to clean the model from this effect and then analyze the results obtained. There are some neighbor’s effects that can be observed as well, measured by the inclusion of spatial lags of some of the explanatory variables.  

Health care facilities appear to be less important to the reduction of the IMR than advocated in the literature – and their effect has been reduced along the decades. A possible reason for it is that at first, when the level of infant mortality was extremely high across the country, policies that attempted to spread health care provision had a significant result. Later on, IMR achieved a level that was more affected by the prevention inside the family. 
Moreover, as has been already discussed, in Brazil the unequal access to health care until now may have reduced the effect of health services expansion. Early death is highly related to low income, and poor people have less access to high quality health care. Therefore, socioeconomic improvements seem to be more important to explain the IMR reduction. More than that, policies that aim to disseminate information related to hygienic habits, nutritional facts and other relevant aspects that can influence children health have gained higher importance to promote the reduction of the IMR.
In other words, providing health care infrastructure appears to be an important initial condition for reducing IMR. However, additional measures related to the family environment can improve it even more. Importantly, there are also spatial spillover effects (represented in the analysis by means of lagged variables) indicating that the effect of health infrastructure tends to be widespread.

With the onset of diminishing returns to health infrastructure, other elements become stronger predictors of the observed pattern. The main ones are related to socioeconomic aspects (namely, poverty, education and income inequality). The main conclusion that can be drawn from this result is that after the IMR has been reduced to a certain level, public policy should concentrate its efforts in the alleviation of deprivation and in long-term policies to increase the level of education, based on the idea of prevention.
This aspect is in agreement with the arguments of Sen (2005), who highlights the importance of the connection of the many dimensions of development. Promoting development means increasing the freedom of people, and as it has been already said, infant mortality is an important measure of this development. Even though, Amartya Sen emphasizes that better results can be obtained when not only the outcome variable is directly addressed, but also other relevant dimensions are promoted (for instance, education). The interaction between these dimensions is another channel to promote the increase of freedom.

Another important conclusion comes from the degree of urbanization, which is not significant locally, but generates positive externalities to the neighbor areas in terms of the reduction of the IMR. Locally, other variables may be capturing the effects of a higher urban area in the own minimum comparable area, but there is still room for such a variable in the neighboring relationship. 
Summing up, the most effective policy to promote the reduction of the IMR in Brazil seems to be the one that promotes better socioeconomic conditions, in order to increase diseases’ prevention. Health care investments are important, but seem to have lost their power to change this situation in recent years.

Further studies should try to identify other factors that cause this singular regional pattern in infant mortality, as well as include other variables that are not currently available. As soon as another census research becomes available, it is important to evaluate if the movement captured in this study continues to be observed. In other words, is this reduction of the importance of health care facilities and the increase of socioeconomic variables as explanatory factors for the IMR still happening? With this question in mind, it is possible to obtain interesting recommendations for future policies.

Conclusion

The study suggests that there has been a change in the main factors that can explain the reduction of infant mortality rates in the last few decades. One possible reason for it is that infant mortality causes such as the ones affected by vaccination policy that could be easily addressed by health care provision, are not anymore the main ones. The remaining mortality may have deep roots in cultural aspects and other factors affected by socioeconomic conditions. Then, policies should try to provide better life conditions in general, at least in the Brazilian context. 
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Appendix
Annex 1 Spatial filtering method
The technique applied in this study involves the use of a spatial filter, which bases itself in a spatial weights matrix
. As we are dealing with areal data, in a health outcome framework, the most appropriated weights matrix is based on contiguity
, with the neighborhood defined by the “queen” criterion. This matrix C is standardized by the sum of the values of each line, obtaining a matrix W. 

The results presented in Table 1 show that there are strong autocorrelation problems in the model estimated. It implies that ordinary least squares estimators are biased and inefficient, or just inefficient (depending on the cause of this problem), so it is necessary to use another estimation strategy or a method that takes this autocorrelation into account. 

Griffith (1996, 2000) proposes an alternative that “cleans” the model from any spatial autocorrelation and simplifies the model estimation. Considering the W matrix mentioned above and the model given by (1), it is possible to apply autocorrelation tests to identify spatial dependency (LM tests and Moran’s I).
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Infant mortality

im

Number of people that will not complete 1 

year of life from 1,000 born alive in the 

reference year.

IPEAdata

1980, 1991 and 2000

Number of public health 

care institutions per 1,000 

people

pubhospit

Number of public health care institutions in 

the MCA divided by the population and 

multiplied by 1,000.

DATASUS - IBGE (Assistência 

Médica e Sanitária)

1981, 1990 and 1999 *

Number of private health 

care institutions per 1,000 

people

privhospit

Number of private health care institutions 

in the MCA divided by the population and 

multiplied by 1,000.

DATASUS - IBGE (Assistência 

Médica e Sanitária)

1981, 1990 and 1999 *

Number of public hospital 

beds per 1,000 people

pubhbeds

Number of public hospital beds in the 

MCA divided by the population and 

multiplied by 1,000.

DATASUS - IBGE (Assistência 

Médica e Sanitária)

1981, 1990 and 1999 *

Number of private hospital 

beds per 1,000 people

privhbeds

Number of private hospital beds in the 

MCA divided by the population and 

multiplied by 1,000.

DATASUS - IBGE (Assistência 

Médica e Sanitária)

1981, 1990 and 1999 *

% of households with 

access to public sanitation

sanitation

Percentage of households with access to 

public sanitation.

IPEAdata - IBGE

1970, 1980 and 1991

Gini index

Gini

Index that ranges from 0 (complete equality 

in the income distribution) to 1 (only one 

person concentrates the income), obtained 

from the per capita household income.

Microdata of the Demographic 

Census (IBGE)

1980, 1991 and 2000

% of people under the 

poverty line

poverty

Percentage of people with declared income 

with less than R$ 75.50 as their per capita 

household income (R$ of 2000).

Microdata of the Demographic 

Census (IBGE)

1980, 1991 and 2000

Female illiteracy rate

fem_illiteracy

Number of women older than 5 years that 

are illiterate over the total of women older 

than 5.

Microdata of the Demographic 

Census (IBGE)

1980, 1991 and 2000

% of urban population

% urbanpop

Percentage of people living in the urban 

area of the MCA.

IPEAdata

1980, 1991 and 2000

Spatial lag of 

pubhospit

W*pubhospit

Spatial lag (average of the neighbors) of 

the number of public health care 

insititutions over 1,000 people.

Microdata of the Demographic 

Census (IBGE)

1980, 1991 and 2000

Spatial lag of 

privhospit

W*privhospit

Spatial lag (average of the neighbors) of 

the number of private health care 

insititutions over 1,000 people.

Microdata of the Demographic 

Census (IBGE)

1980, 1991 and 2000

Spatial lag of 

pubhbeds

W*pubhbeds

Spatial lag (average of the neighbors) of 

the number of public hospital beds over 

1,000 people.

Microdata of the Demographic 

Census (IBGE)

1980, 1991 and 2000

Spatial lag of 

privhbeds

W*privhbeds

Spatial lag (average of the neighbors) of 

the number of private hospital beds over 

1,000 people.

Microdata of the Demographic 

Census (IBGE)

1980, 1991 and 2000

Spatial lag of 

%urbanpop

W*% urbanpop

Spatial lag (average of the neighbors) of 

the percentage of people living in the urban 

area of the MCA.

IPEAdata

1980, 1991 and 2000

* padronization made with the population of 1980, 1991 and 2000, respectively.


Furthermore, defining [image: image3.png]


 as a projection matrix that centralizes Y (1 is a vector nx1 filled with ones), the Moran’s I can be obtained from (2):
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Griffith identifies an intrinsic relationship between (2) and the eigenvalues of MCM: each one of the latter, if multiplied by [image: image6.png]o



 results in a Moran Coefficient. Extracting the n eigenvalues and eigenvectors of  MCM (that are mutually orthogonals), the author can obtain the spatial dependency structure represented by the weights matrix.  One criterion to define the order of extraction of these eigenvectors is the size of the Moran Coefficient related to them (from the higher to the smaller). Due to the orthogonality of the eigenvectors and their relationship with the final Moran Coefficient, they can be included one by one in (1) through a linear combination, until the autocorrelation problem is sufficiently represented. However, only the significant ones are taken into account in this process. 

This method was applied using the software MAT-LAB. After running the first regressions, identifying the spatial dependency problem, the significant eigenvectors were included. After each one was included, we calculated the LM statistics (distributed as χ2). The criterion to stop this process was the 5% significance level. Routines are available from the authors.
Annex 2 Description and statistics of the variables used in the model
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Table A.1 Description of the variables included in the model.
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0.423
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0.0000
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-0.006
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-0.010

0.2506

-0.026
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-0.088

0.0012

0.071

0.0015

0.032

0.0991

W*privhospit

-0.278

0.0009

-0.241
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-0.111

0.0799
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0.009

0.0014

-0.007

0.0518
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R
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 (adjusted)

0.886
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Likelihood
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0.025

0.031
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n
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1991

2000

Table A.2 Descriptive statistics of the variables included in the model.
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Table A.3 Correlation of log(mi) and its covariates
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Table 1 OLS regressions for log(IMR).
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Source: authors' elaboration.
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Table 2 OLS regressions with a spatial filter for log(IMR).
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Figure 1 Infant mortality rate (IMR) across Brazilian states, 1980, 1991 and 2000.
Source: Ipeadata
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Figure 2 Infant mortality rate (IMR) distribution in the MCAs in 1980 (a) and 2000 (b).

Source: Ipeadata
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Figure 3 Standard deviation of the IMR in 1980 (a) and 2000 (b).

Source: Authors’ elaboration over Ipeadata information.
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Figure 4 Health care institutions per 1,000 habitants, 1981 (a) and 1999 (b).

Source: DataSUS.
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Figure 5 Poverty rate (% of the population under the poverty line – R$ 75.50 in values of 2000), 1980 (a) and 2000 (b).

Source: Micro-data of the Demographic Census, IBGE.
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Figure 6 Operation of the five groups of proximate determinants on the health dynamics of a population.

Source: Adapted from Mosley and Chen (1984).
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