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ABSTRAT: This study aimed to analyze the spatial distribution of crime in the 5565 Brazilian
municipalities and to investigate the relationship of this variable with socioeconomic factors present
in each locality. In a more specific way, we analyze the presence of spatial dependence and
heterogeneity in the data, as well as the existence of spatial clusters among the municipalities through
the exploratory analysis of spatial data (ESDA). The homicide rate was used as a proxy for crime.
Due to the large number of socioeconomic variables identified in the literature as important to explain
the level of crime, an attempt was made to create an Economic Development Index (EDI) for
Brazilian municipalities that synthesizes all possible influences. To this end, the techniques of
multivariate statistics were used, specifically of the factorial analysis. Also with multivariate
statistics, a cluster analysis was carried out for the purpose of grouping municipalities with similar
characteristics in relation to crime and development. The results show that EDI is positively
associated with the crime rate for the vast majority of Brazilian municipalities, both in spatial and
multivariate analysis. Thus demonstrating the existence of a close relationship between the social and
economic factors of a municipality and its level of crime.
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RESUMO: Este trabalho teve como objetivo analisar a distribuição espacial da criminalidade nos
5565 municípios brasileiros e investigar a relação dessa variável com o desenvolvimento econômico
cada localidade. De forma mais específica, analisa-se a presença de dependência e heterogeneidade
espacial nos dados, bem como a existência de clusters espaciais entre os municípios por meio da
análise exploratória de dados espaciais (AEDE). A taxa de homicídios foi utilizada como proxy para
a criminalidade. Devido à grande quantidade de variáveis socioeconômicas identificadas na literatura
como importantes para explicar o nível de criminalidade, buscou-se criar um Índice de
Desenvolvimento Econômico (IDE) para os municípios brasileiras que sintetizasse todas as possíveis
influencias. Para tal, utilizou-se técnicas da estatística multivariada, especificamente da análise
fatorial. Também por meio da análise multivariada, foi realizada uma análise de agrupamentos com
a finalidade de agrupar municípios com características similares no que tange à criminalidade e ao
desenvolvimento. Os resultados demonstram que o IDE está associado positivamente com a taxa de
criminalidade para a grande maioria dos municípios brasileiros, tanto na análise espacial quanto na
multivariada, demonstrando assim a existência de uma estreita relação entre os fatores
socioeconômicos de um município e seu nível de criminalidade.
Palavras-chave: Economia do Crime; Indicador de Desenvolvimento Econômico; Análise Fatorial;
Análise Espacial.
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1. Introduction
Brazil has historically suffered socially and economically from crime, especially in the major
cities of the country. In addition, over the last few years, there has been a significant increase in the
incidence of crimes. It has become an obstacle to the social and economic development of the country,
due to the high costs imposed on society. Therefore, given the relevance of the issue, especially in
the Brazilian context, studies are needed to understand the dynamics of this phenomenon.
According to the Mapa da Violência (2012), Brazil witnessed 13,910 homicides in 1980, a
relatively small number when compared to 49,932 exhibit in 2010. This represents an increase of
approximately 260% in the period considered, a growth of 4.4% per year. In addition, according to
the 11º Anuário Brasileiro de Segurança pública (2017), the country recorded a number of homicides
more than 61,000 in 2016. This represents a homicide rate of 29.9 per 100,000 inhabitants. These
numbers make Brazil one of the most violent countries in the world.
This resulted in Brazil being certified by the World Health Organization (WHO) as the country
with the ninth highest homicide rate in the world and the fifth in America, only less violent than
Colombia (48.8), Venezuela (51.7), El Salvador (63.2) and Honduras (85.7).
Thus, the present work aims to characterize the spatial distribution of crime among Brazilian
municipalities, identifying the presence of spatial dependence and heterogeneity and the formation of
significant clusters. One hypothesis is that there is a spatial effect on crime, in other words, that it is
spatially concentrated throughout the territory. Therefore, in order to achieve the proposed objectives,
the Exploratory Spatial Data Analysis (ESDA) will be used as tools to identify and measure such
spatial effects.
In addition, an Economic Development Index (EDI) will be created for Brazilian
municipalities in order to determine whether crime is spatially correlated with local economic
development. For this, multivariate statistical techniques, specifically the factorial analysis, will be
used. The spatial and multivariate approach to crime is characterized as an important contribution to
the national literature on the subject, since no studies were found that sought to implement these
methods for all Brazilian municipalities. Most papers tend to focus on only certain regions of the
country, not covering it all municipalities at the same time, from a national perspective.1 Those who
seek to understand the dynamics of crime at the national level, in turn, normally use aggregated data
(states and microregions), or only part of the municipalities (mainly the most populous)2. The work
done by Oliveira (2005) was the only one that used all the municipalities in the country, although he
did not use any of the methodologies proposed here.
The choice of variables that will compose the indicator, on the other hand, will not only be
based on purely economic elements, but will also incorporate social factors that may possibly
influence the level of crime. This is because, according to Amartya Sen (2000), economic
development is not only associated with variables such as product growth, productivity level and
technological advances, but also with other social factors associated with the individual's well-being.
Finally, the relationship between EDI and crime level will be investigated using the bivariate spatial
correlation for identification of spatial clusters.
In addition to this introduction, the paper is structured in four more sections, the second
referring to the theoretical framework on the determinants of crime. In the third section, the
methodology and database used in the work will be detailed. The results found and their analysis are
performed in the fourth section. Finally, in the fifth section the final considerations are made.
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For papers using spatial analysis: Almeida et all (2005), Oliveira (2008), Almeida and Guanziroli (2013), Plassa and
Parré (2015), Anjos Junior et al. (2016), Sass et all. (2016), Gomes et. all (2017). For multivariate analysis: Shikida
(2009), Soares et al (2011), Shikida (2012), Plassa and Parré (2015).
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Araújo and Fajnzylber (2001), Kume (2004), Loureiro and Carvalho Junior (2007), Cerqueira (2010), Resende and
Andrade (2011), Santos and Santos Filho (2011), Uchôa and Menezes (2012), Becker and Kassouf (2017).
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2. Theoretical Framework
In economic theory, Becker's pioneering work, Crime and Punishment (1968), has formalized
how agents make decisions about whether or not to commit a crime. The basic hypothesis of the
model is that individuals decide rationally to participate in criminal activities. The author argues that
an agent participates in criminal activities when its expected utility is greater than in others. Thus, the
difference in costs and benefits for each individual are the factors that differentiate them in their
respective decision to commit a crime or not.
The function of offenses that an individual would commit, as stated by Becker (1968), is
mathematically represented by:
𝑂𝑗 = 𝑂𝑗 (𝜌𝑗 , 𝑓𝑗 , 𝑢𝑗 )
(1)
where 𝑂𝑗 is the number of offenses that an individual would commit in a certain period; 𝜌𝑗 is the
probability of being condemned; 𝑓𝑗 is the punishment received when convicted; 𝑢𝑗 is a variable
representing all other influences such as, for example, the expectation of income in other activities,
level of education, social conditions, among others. An increase in 𝜌𝑗 or in 𝑓𝑗 is responsible for a
decrease in the number of offenses committed, in other words, makes the opportunity cost greater for
the individual. Therefore, its partial derivatives are less than zero:
𝜕𝑂𝑗
𝜕𝑂𝑗
𝑂𝜌𝑗 =
< 0 𝑎𝑛𝑑 𝑂𝑓𝑗, =
<0
(2)
𝜕𝜌𝑗
𝜕𝑓𝑗 ,
As already mentioned, offenses will only be committed when the expected utility of this
activity is greater than others. The utility function of the individual j is represented by:
𝐸𝑈𝑗 = 𝜌𝑗 𝑈𝑗 (𝑌𝑗 − 𝑓𝑗 ) + (1 − 𝜌𝑗 )𝑈𝑗 (𝑌𝑗 )
(3)
Where 𝑌𝑗 is the income, monetary plus psychological, from a offence for the individual j; 𝑈𝑗 is his
utility function. The marginal utilities from 𝜌𝑗 , 𝑓𝑗 and 𝑌𝑗 are:

𝜕𝐸𝑈𝑗
𝜕𝜌𝑗

<0,

𝜕𝐸𝑈𝑗
𝜕𝑓𝑗

< 0 𝑎𝑛𝑑

𝜕𝐸𝑈𝑗
𝜕𝑌𝑗

> 0. The

decrease in the number of offenses due to an increase in 𝜌𝑗 and 𝑓𝑗 is closely related to the fall in
expected utility by individual j.
The individual offers 𝑂𝑗 can be added to obtain the aggregate supply of offenses (market
offense function), and this sum depends on the values of 𝜌𝑗 , 𝑓𝑗 e 𝑢𝑗 . These parameters will likely
vary considerably among individuals due to factors such as age, intelligence, education, crime history,
among others. However, for simplicity, it is only considered the mean value for these variables,
resulting in the market offense function, as follows:
𝑛
𝑛
𝑛
𝑂𝑗 𝜌𝑗
𝑂𝑗 𝑓𝑗
𝑂𝑗 𝑢𝑗
𝜌= ∑ 𝑛
,
𝑓= ∑ 𝑛
𝑎𝑛𝑑 𝑢 = ∑ 𝑛
∑𝑖=1 𝑂𝑖
∑𝑖=1 𝑂𝑖
∑𝑖=1 𝑂𝑖
𝑗=1

𝑗=1

𝑗=1

and
(5)
𝑂 = 𝑂(𝜌, 𝑓, 𝑢)
Hence, considering the model proposed by Becker (1968), the present work has as objective
to investigate what is the spatial relationship of the variable 𝑢, specifically of the level of economic
development, in the number of offenses of a certain municipality. Therefore, next subsection will
bring a brief review of the literature on the determinants of crime which will be used as the basis for
the choice of variables to be included in the indicator of municipal economic development.
2.1 Determinants of crime
One theory commonly used to explain crime is Shaw and Mckay's (1942) theory of social
disorganization, which states that socioeconomic factors are the most important to explain crime. The
central idea of this theory is that the place where an individual resides is important in explaining the
likelihood of him engaging in criminal activity. Poor housing conditions associated with poverty,
unemployment, inequality, lack of incentive to attend school, with a neighborhood in the same or
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even worse conditions, can greatly influence the formation of an individual. These factors, among
others, can cause a lack of social cohesion, leading to marginalization and increase in the probability
of participating in criminal activities (KUBRIN, 2009).
Moreover, the problem of social disorganization does not affect the entire population equally.
Young people are especially susceptible to socioeconomic problems, especially when it comes to to
financial situation and unemployment. Araújo Jr and Fajnzylber (2001) confirmed this hypothesis for
the Brazilian reality, in addition they found evidences of the young being the main group to commit
homicide in the country. Loureiro and Carvalho Junior (2007) presented similar results in their
investigations, finding that individuals between 15 and 24 years old had a determining role to explain
the level of crime in the Brazilian states. That is, the greater the participation of this group in the total
population, the higher the level of homicide.
Another important factor to be considered as a determinant of crime, according to Glaeser and
Priest (1999), is the degree of urbanization and the demographic density of a locality. A high level of
urbanization in a particular municipality or region, for example, increases the likelihood and facility
for criminals to organize and exchange information. In addition, a high population density can result
in anonymity among individuals, making it difficult to identify criminals, reducing the probability of
being caught. With the concentration of economic resources and people in densely populated areas,
opportunities for the practice of crime also expand. All these factors help to raise the return on crime
while reducing the likelihood of being caught, making urbanization an important element in
determining crime. Uchôa and Menezes (2012), when investigating the determinants of crime in
Brazil, confirmed the level of urbanization as an important variable to explain the differences between
Brazilian states. In addition, the authors argue that this is possibly one of the main reasons for the
crime being concentrated in large urban centers, along with the associated socioeconomic problems
of these localities.
According to Suliano and Oliveira (2013), education also plays an important role in inhibiting
crime. By increasing the schooling of the population, the opportunity cost of individuals becomes
higher in practicing illicit activities. These factors has a great potential to reduce the overall level of
criminality. Better qualification enables the individual to earn higher paychecks and to have more
opportunities in legal activities, reducing the need to join illegal activities. These elements may induce
a reduction in crime, especially in relation to violent and heinous crimes such as murder.
Regarding the relationship between development and crime, the works of Shikida (2009),
Shikida and Oliveira (2012) and Plassa and Parré (2015) attempted to identify this relationship.
However, it was considered only for the municipalities of the state of Paraná, so that there are no
studies in the literature that aimed to investigate this phenomenon more broadly, at the national level.
Thus, a study is necessary to verify this relationship for all Brazilian municipalities, which is the main
contribution of this work.
In Shikida (2009) and Shikida and Oliveira (2012), the authors created an indicator of
economic development for the state of Paraná and tried to verify its relationship with crime through
Spearman's correlation coefficient. The main conclusion of both studies is that crime tends to decline
as the rate of development increases. In addition to the creation of the indicator, Plassa and Parré
(2015), in turn, also used the Exploratory Spatial Data Analysis (ESDA) to verify the distribution of
the index, as well as to verify if there is a spatial correlation between the development and the crime
rate. Finally, no studies were found to test the relationship between development and crime using
cluster analysis, concomitantly with ESDA
Given the importance of certain socioeconomic factors in determining the level of crime, the
present paper will seek to incorporate, directly or indirectly, these variables to compose the proposed
Economic Development Index (EDI). Therefore, the next section will detail the methodology adopted
to achieve the results and verify the hypotheses proposed.
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3. Economic Development Index (EDI)
The creation of the Economic Development Index (EDI) will follow the methodology derived
from multivariate statistics, specifically Factor Analysis, due to the multi-dimensional character of
economic development. Some works, such as Shikida (2009), Shikida and Oliveira (2012), Plassa
and Parré (2015) have also adopted it to verify the relationship between crime and the level of
development. Hence, the present paper will create the index based on the methodologies adopted by
the mentioned authors, as well as in other works with similar approaches, namely: Melo and Parré
(2007), Soares (2011), Stege and Parré (2013), Castro and Lima (2016) and Monsano et al. (2017).
The factorial analysis is characterized as a method of the multivariate statistics that aims to
summarize information of p variables, for example, which are correlated with each other, in a number
of k variables (with k < p, both finite and k, n ∈ ℕ). These new variables are called factors, which
are obtained with the minimum loss of information possible.
The factorial analysis model 3 used in this work, is defined as follows: a) Let 𝑋𝑝𝑥1 be a random
vector; b) with mean 𝜇 = (𝜇1 , … , 𝑢𝑝 ); c) by standardizing the variables 𝑋𝑖 , we have 𝑍𝑖 = [

𝑋𝑖 − 𝜇𝑖
𝜎𝑖

] with

𝑖 = 1, 2, … , 𝑝 ∈ ℕ ; d) 𝑃𝑝𝑥𝑝 is the correlation matrix of the random vector 𝑍 = ( 𝑍𝑖 ). By using 𝑃𝑝𝑥𝑝 ,
the factorial analysis model can be represented as follows:
𝑍𝑖 = 𝑙𝑖1 𝐹1 + ⋯ + 𝑙𝑖𝑘 𝐹𝑘 + 𝜀𝑖
(6)
Or in matrix notation by:
𝐷(𝑋 − 𝜇) = 𝐿𝐹 + 𝜀
(7)
where 𝐹 is a random vector containing k factors, which seek to summarize the p variables; 𝜀 is a
random error vector, which contains the portion of 𝑍𝑖 which was not explained by the 𝐹𝑗 factors (𝑗 =
1, 2, … , 𝑘 ∈ ℕ); 𝐿 is a matrix of parameters 𝑙𝑖𝑗 (loadings), to be estimated, which will represent the
degree of linear relationship between 𝑍𝑖 and 𝐹𝑗 .
To perform the model's estimation (6) some assumptions are required: i) 𝐸[𝐹𝑘𝑥1 ] = 0, the
factors have a mean equal to zero; ii) 𝑉𝑎𝑟 [𝐹𝑘𝑥1 ] = 𝐼𝑘𝑥𝑘 , orthogonal factors with unitary variances;
iii) 𝐸[𝜀𝑝𝑥1 ] = 0, errors with a mean equal to zero; iv) 𝑉𝑎𝑟 [𝜀𝑝𝑥𝑝 ] = 𝜓𝑝𝑥𝑝 ⇒ 𝑉𝑎𝑟 [𝜀𝑗 ] = 𝜓𝑗 and
𝐶𝑜𝑣 (𝜀𝑖 , 𝜀𝑗 ) = 0, ∀ 𝑖 ≠ 𝑗, that is, orthogonal errors and possibly with different variances; v)
𝐶𝑜𝑣 (𝜀𝑝𝑥1 , 𝐹𝑘𝑥1 ) = 𝐸[𝜀𝐹′] = 0 ⇔ 𝜀𝑝𝑥1 𝑒 𝐹𝑘𝑥1 are linearly independent. Finally, i) to v) ⇒
orthogonality of the factorial analysis model and that 𝜀 and 𝐹 are two distinct sources of variation
from the variables 𝑍𝑖 . Hence, 𝑃𝑝𝑥𝑝 can be reparameterized as:
𝑃𝑝𝑥𝑝 = 𝐿𝐿′ + 𝜓
(8)4
So the main objective of the factorial analysis is to decompose the correlation matrix of p variables,
𝑃𝑝𝑥𝑝 , in 𝐿𝑝𝑥𝑘 and 𝜓𝑝𝑥𝑝 , remembering that 𝐿𝑝𝑥𝑘 is the matrix representing the 𝑙𝑖𝑗 equation coefficients
of (6) and 𝜓𝑝𝑥𝑝 is the matrix of errors 𝜀𝑝 also from (6), both need to be estimated by the factorial
analysis model. In addition, there are some implications that deserve to be mentioned because they
will be analyzed in the present paper: 1) 𝑉𝑎𝑟 (𝑍𝑖 ) = ∑𝑘𝑗=1 𝑙𝑖𝑗 ² + 𝜓𝑖 ⟹ Variance is decomposed
into two parts, being the first (∑𝑘𝑗=1 𝑙𝑖𝑗 ² ) called Commonality, which represents the variability of 𝑍𝑖
explained by the k model factors from (6); the second (𝜓𝑖 ) is called Uniqueness, variability coming
𝑝

∑

𝑖=1
from the random error 𝜀𝑖 ; 2) 𝑃𝐸𝑉𝐹𝑗 = 𝑡𝑟(𝑃

2
𝑙𝑖𝑗

𝑝𝑥𝑝 )

, defined as total proportion explained by the factor 𝐹𝑗

(𝑃𝐸𝑉).
The first step of the estimation is the definition of the number k (with < 𝑝 ) of factors to
compose the equation (6). This should be accomplished after the estimation of the correlation matrix
𝑃𝑝𝑥𝑝 , through the sample correlation matrix 𝑃̂𝑝𝑥𝑝 , which is symmetrical because it is a correlation
3

For more information on the methodology adopted, see Mingoti (2005).
Because 𝑃𝑝𝑥𝑝 = 𝑉𝑎𝑟(𝑍) = 𝑉𝑎𝑟 (𝐿𝐹 + 𝜀) = 𝑉𝑎𝑟 (𝐿𝐹) + 𝑉𝑎𝑟 (𝜀) = 𝐿𝐼𝐿′ + 𝜓 = 𝐿𝐿′ + 𝜓 with 𝐼 being the identity
matrix.
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matrix. The n roots characteristics of the matrix 𝑃̂𝑝𝑥𝑝 are obtained with the characteristic equation of
the det(𝑃̂𝑝𝑥𝑝 − 𝜆𝐼) = 0. The roots are also known as eigenvalues of the matrix, denoted by 𝜆𝑖 .
Ordering them in descending order, we obtain 𝑃𝑝𝑥𝑝 , that will be used in defining the number of factors.
This, in turn, will be determined by the criterion proposed by Kaiser (1958), that is, k will be equal
to the number of eigenvalues 𝜆𝑖 ≥ 1. The 𝑃𝑝𝑥𝑝 is a diagonal matrix with elements 𝑝𝑖𝑗 = 𝜆𝑖 𝑖𝑓 𝑖 =
𝑗 𝑜𝑟 𝑝𝑖𝑗 = 0 𝑖𝑓 𝑖 ≠ 𝑗 and tr(𝑃𝑝𝑥𝑝 ) = p, so a reduction in the size of the matrix to 𝑘 < 𝑝 will be made
until the variance explained by 𝜆𝑖 is at least equal to the variance of the original variables 𝑋𝑖 .
After the determination of K, the matrices 𝐿𝑝𝑥𝑘 and 𝜓𝑝𝑥𝑝 should be estimated. The method
here used to obtain EDI will be the principal components (PC), that works as follows: it is necessary
to find the normalized autovectors, 𝑒̂𝑖 = (𝑒̂𝑖1 , … , 𝑒̂𝑖𝑝 ), corresponding to each eigenvalues 𝜆𝑖 ≥ 1 with
𝑖 = 1, 2, … , 𝑘. The matrices 𝐿𝑝𝑥𝑘 e 𝜓𝑝𝑥𝑝 will be estimated by:
𝐿̂𝑝𝑥𝑘 = [ √𝜆1 𝑒̂1 … √𝜆𝑘 𝑒̂𝑘 ] 𝑒 𝜓̂𝑝𝑥𝑝 = 𝑑𝑖𝑎𝑔 (𝑃̂𝑝𝑥𝑝 − 𝐿̂𝑝𝑥𝑘 𝐿̂′𝑝𝑥𝑘 )
(9)
So, using the estimates of (9), we have:
𝑃̂𝑛𝑥𝑛 = 𝐿̂𝑝𝑥𝑘 𝐿̂′𝑝𝑥𝑘 + 𝜓̂𝑝𝑥𝑝
(10)
That is, the sample correlation matrix in fact can be decomposed into two parts, one representing the
𝑙𝑖𝑗 equation coefficients (6) and another the error term 𝜀𝑖 . The next step, after the estimation (9) and
(10), will be the calculation of the scores for each sample element 𝑚, 𝑚 =
1, 2, … , 𝑛 (with m finite and m ∈ ℕ).
For the particular case of this work, suppose the set 𝐼𝑛 = {𝑝 ∈ ℕ; p ≤ 5565} and the set wellorder and upper bounded ℳ = {1, 2 , … . 5565} ⊂ ℕ of the Brazilian municipalities, so there's a
̿ ) = 5565 call couting of ℳ. Therefore, for each 𝑚 =
bijection 𝑓: 𝐼𝑛 ⟶ ℳ, with cardinality (ℳ
𝑓(𝑝) there will be scores on the factor 𝑗, that is, ∀ 𝑚 ∈ ℳ, ∃𝐹̂𝑗𝑚 that represents the scores of the
municipality 𝑚 in the factor 𝑗, which can be represented as:
𝑝

𝐹̂𝑗𝑚 = ∑ 𝑤𝑗𝑖 𝑍𝑖𝑚

(11)

𝑖=1

where 𝑍𝑖𝑚 are the observed values of the standard variables for the m-th sample element; 𝑤𝑗𝑖 are the
weights of each variable 𝑍𝑖 in factor 𝐹𝑗 . The scores coefficients 𝑤𝑗𝑖 will be obtained, in turn, by
estimates using the regression method.
Often, the factors 𝐹𝑗 exhibit 𝑙̂𝑖𝑗 with similar numerical magnitude making the interpretation
difficult. In these situations, it is recommended to perform an orthogonal rotation of the original
factors to obtain an easy-to-interpret structure. That way, 𝐹𝑗 is a vector such taht 𝐹𝑗 ∈ ℝ𝑝 (p = number
of variables and 𝑗 = 1, … , 𝑘) and a linear transformation 𝑇: ℝ𝑝 ⟶ ℝ𝑝 , That is, that keeps the factors
in the same dimension, such that 𝑇𝑘𝑥𝑘 is an orthogonal matrix with 𝑇𝑇 ′ = 𝑇 ′ 𝑇 = 𝐼, That is, it
maintains multiplication between any factor as being zero. Let 𝐿̂𝑝𝑥𝑘 be an estimate of the matrix 𝐿𝑝𝑥𝑘 ,
then the matrix 𝐿̂∗ 𝑝𝑥𝑘 = 𝐿̂𝑝𝑥𝑘 𝑇𝑘𝑥𝑘 is the matrix with the loadings (𝑙̂𝑖𝑗 ) Linearly transformed by
orthogonal rotation5. Although any orthogonal matrix satisfies the T transformation, the ideal is to
choose a T so that each 𝑙̂𝑖𝑗 show a great absolute value for just one of the factors. Therefore, the
variables 𝑍𝑖 would be divided into groups, facilitating their respective interpretations. There are
several methods in the literature for that purpose. The present work adopts the Varimax criterion
developed by Kaiser (1958), which seeks a configuration in which each factor has a small number of
factorials scores with high absolute values and a large number with small values. The Varimax
criterion seeks to maximize the following equation:
𝑘

𝑝

𝑝

1
1
2 2
2 2
𝑉 = ∑[ ∑(𝑙̃𝑖𝑗
) − ( ∑ 𝑙̃𝑖𝑗
) ]
𝑝
𝑝
𝑗=1 𝑖=1

5 ̂∗

(12)

𝑖=1

after the application of the linear transformation 𝑇: ℝ𝑝 ⟶ ℝ𝑝 will also be a solution for the factorial analysis
′
model: (𝐿̂𝑝𝑥𝑘 𝑇𝑘𝑥𝑘 )(𝐿̂𝑝𝑥𝑘 𝑇𝑘𝑥𝑘 ) = 𝐿̂𝑝𝑥𝑘 𝑇𝑘𝑥𝑘 𝑇′𝑘𝑥𝑘 𝐿̂′𝑝𝑥𝑘 = 𝐿̂𝑝𝑥𝑘 𝐿̂′𝑝𝑥𝑘
𝐿

𝑝𝑥𝑘

7
∗ ̂
where 𝑙̃𝑖𝑗 =(𝑙̃𝑖𝑗
/ℎ𝑖 ), with ℎ̂𝑖 being the the square root of the commonality of the variable 𝑍𝑖 . Then the
criterion selects the 𝑙̃𝑖𝑗 that maximize V, reaching the desired setting.
Finally, two measures will be carried out to check the quality of the adjustment of the factorial
analysis model. The first of these is the criterion of Kaiser-Meyer-Olkin (KMO), which is a measure
based on the following coefficient:

𝐾𝑀𝑂 =

2
∑𝑖≠𝑗 𝑅𝑖𝑗
2
2
∑𝑖≠𝑗 𝑅𝑖𝑗
+ ∑𝑖≠𝑗 𝑄𝑖𝑗

(13)

where 𝑅𝑖𝑗 is the sample correlation between the variables 𝑋𝑖 and 𝑋𝑗 ; 𝑄𝑖𝑗 is the partial correlation
between the variables 𝑋𝑖 and 𝑋𝑗 while the others (p-2) are kept constant. The model will prove
appropriate for 𝐾𝑀𝑂 > 0,8, if it is inferior, the factorial analysis model is not indicated for the data
set. The second adjustment measure used is the Bartlett sphericity test that seek to test the following
assumptions: 𝐻𝑜 : 𝑃𝑝𝑥𝑝 = 𝐼𝑝𝑥𝑝 𝑎𝑔𝑎𝑖𝑛𝑠𝑡 𝐻𝑎 : 𝑃𝑝𝑥𝑝 ≠ 𝐼𝑝𝑥𝑝 , where 𝑃𝑝𝑥𝑝 is the theoretical correlation
matrix and 𝐼𝑝𝑥𝑝 is the identity matrix. The test statistic T is given by:
𝑝

1
𝑇 = −[𝑛 − (2𝑝 + 11)][∑ ln( 𝜆̂𝑖 )]
6

(14)

𝑗=1

where 𝜆̂𝑖 are the eigenvalues of the sample correlation matrix 𝑃̂𝑝𝑥𝑝 . The statistic T has a chi-squared
1

distribution with 2 𝑝(𝑝 − 1) degrees of freedom. So the farther away from one are the eigenvalues (
𝜆̂𝑖 = 1), higher tends to be the statistic T, that is, the more a few eigenvalues can explain the total
variance, the higher will be T, indicating the suitability of the factorial analysis model.
After the processes mentioned above, the factorials scores will be distributed as follows:
𝑋 ~𝑁(𝜇, 𝜎 2 ) 𝑤𝑖𝑡ℎ 𝜇 = 0 𝑎𝑛𝑑 𝜎 2 = 1 . So if 𝑋𝑗𝑚 > 0 (factor score 𝑗 to the municipality 𝑚), then the
element 𝑚 suffers positive influence of the factor 𝑗. If 𝑋𝑗𝑚 < 0, then the contrary is valid. In this way,
factorials scores will indicate whether a particular factor will contribute positively or negatively to
explain economic development.
So the Economic Development Index (EDI) of the municipalities will be calculated from the
factorials loads, as Soares (2011), because they reflect the influences of the variables used in the
factorial analysis model at the development level. So the EDI for every Brazilian municipality 𝑚 can
be represented by:
𝑘

𝐸𝐷𝐼𝑚 = ∑
𝑗=1

𝜆𝑗
𝐹
𝑡𝑟(𝑃𝑛𝑥𝑛 ) 𝑗𝑚

(15)

where, 𝐸𝐷𝐼𝑚 is the index of the municipality m; 𝜆𝑗 is the j-th root characteristic of the correlation
matrix; k is the number of factors chosen; 𝐹𝑗𝑚 is the factorial load of the municipality m, from factor
j; 𝑡𝑟(𝑃𝑛𝑥𝑛 ) is the trace of the correlation matrix 𝑃𝑛𝑥𝑛 , that is, n.
For the purpose of facilitating the comparison between the indexes, a transformation has been
performed so that the values are restricted to the range from 0 to 100:
(𝐸𝐷𝐼𝑚 − 𝐸𝐷𝐼𝑚𝑖𝑛 )
(16)
𝐸𝐷𝐼𝑚 =
× 100
(𝐸𝐷𝐼𝑚𝑎𝑥 − 𝐸𝐷𝐼𝑚𝑖𝑛 )
where 𝐸𝐷𝐼𝑚i𝑛 is the smallest index found in (15) and 𝐸𝐷𝐼𝑚a𝑥 is the largest index found, both taking
into consideration the entire sample of municipalities.
After obtaining the economic development index (EDI), the municipalities will be considered
according to the classification set out as: Let 𝜎𝑚 and 𝜇𝑚 be the standard deviation and the mean of
the municipality 𝑚 respectively. Then, follows:
1. Very high development (VHD): ∀𝑚 𝑠𝑢𝑐ℎ 𝑡ℎ𝑎𝑡 𝐸𝐷𝐼𝑚 > 𝜇𝑚 + 2𝜎𝑚
2. High development (HD): ∀𝑚 𝑠𝑢𝑐ℎ 𝑡ℎ𝑎𝑡 𝜇𝑚 + 2𝜎𝑚 > 𝐸𝐷𝐼𝑚 > 𝜇𝑚 + 𝜎𝑚
3. High medium development (HMD): ∀𝑚 𝑠𝑢𝑐ℎ 𝑡ℎ𝑎𝑡 𝜇𝑚 + 𝜎𝑚 > 𝐸𝐷𝐼𝑚 > 𝜇𝑚
4. Low medium development. (LMD): ∀𝑚 𝑠𝑢𝑐ℎ 𝑡ℎ𝑎𝑡 𝜇𝑚 > 𝐸𝐷𝐼𝑚 > 𝜇𝑚 − 𝜎𝑚
5. Low development (LD): ∀𝑚 𝑠𝑢𝑐ℎ 𝑡ℎ𝑎𝑡 𝜇𝑚 − 𝜎𝑚 > 𝐸𝐷𝐼𝑚 > 𝜇𝑚 − 2𝜎𝑚
6. Very low development (VLD): ∀𝑚 𝑠𝑢𝑐ℎ 𝑡ℎ𝑎𝑡 𝜇𝑚 − 2𝜎𝑚 > 𝐸𝐷𝐼𝑚
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Finally, the next subsections will discuss cluster analysis and ESDA.
3.1 Cluster Analysis
Suppose the countable and upper bounded set6 ℳ = {1, 2 , … . 5565} ⊂ ℕ formed by 𝑚
Brazilian municipalities. The main objective of cluster analysis is to create subsets (groups) 𝐺1 , … , 𝐺𝑛
⊂ ℳ of municipalities at the same time as 𝐺1 ∩ 𝐺2 … 𝐺𝑛−1 ∩ 𝐺𝑛 = ∅ , that is, if 𝑚1 ∈ 𝐺1 , then
𝑚1 ∉ 𝐺2 ∪ 𝐺3 … 𝐺𝑛−1 ∪ 𝐺𝑛 7. In addition, a function 𝑐 (cluster) is defined such that each element
of a group possesses characteristics that are the most similar as possible, According to a criterion to
be defined, when compared to the other elements of the group. At last, ∀ 𝑚 the function 𝑐 defines a
group and 𝐺1 ∪ 𝐺2 … 𝐺𝑛−1 ∪ 𝐺𝑛 = ℳ, that is, the union of all created groups results in the same
cardinality as the original set ℳ.
The function 𝑐 is defined by following a criterion based on measures of similarity and
dissimilarity (MINGOTI, 2005). Let 𝑚 be the number of sample elements and 𝑝 the number of
random variables of the characteristics of 𝑚, the goal is to group in 𝑛 groups. For each sample element
′
𝑚, there is a vector of measurements 𝑋𝑚 defined by: 𝑋𝑚 = [𝑋1𝑚 , … , 𝑋𝑝𝑚 ] 𝑤𝑖𝑡ℎ 𝑚 = 1, … , 5565,
where 𝑋𝑖𝑗 represents the observed value of the variable 𝑖 measure in the element 𝑗. So you can define
some measure of similarity or dissimilarity to serve as a selection criterion, such as: Euclidean
distance, Weighted distance, Distance from Minkowsky, among others. The one used here will be the
Euclidean distance measurement, as defined below 8:
𝑑(𝑋𝑙 , 𝑋𝑘 ) = √[(𝑋𝑙 − 𝑋𝑘 )′ (𝑋𝑙 − 𝑋𝑘 )] ,

where 𝑙 ≠ 𝑘.

(17)

The techniques for building clusters are basically defined in hierarchical and non-hierarchs,
and the present paper will use the hierarchical9. The hierarchical grouping method consists of
(function c) in starting with as many groups as elements, that is, with 𝑛 = 𝑚. From there, each sample
element will be grouped up to the limit ( lim 𝑐 (𝑛) = 1) so 𝑛 = 1. The final choice of the number
𝑛 ⟶∞

of groups in which 𝑚 is divided will be based on the observation of the chart Dendrogram, that shows
all the agglomerations carried out of 𝑛 = 𝑚 until 𝑛 = 1.
Among the various existing hierarchical grouping methods 10, the Complete Linkage Method
is the one that will be employed to define the clusters between the level of crime and economic
development for the 𝑚 Brazilian municipalities. This method is defined by the following rule: The
similarity criterion between two clusters is defined by the elements that are "less similar" to each
other, that is, clusters will be grouped according to the largest distance between them: 𝑑(𝐶1 , 𝐶2 ) =
𝑚𝑎𝑥 {𝑑(𝑋𝑙 , 𝑋𝑘 ), 𝑤𝑖𝑡ℎ 𝑙 ≠ 𝑘}.
This method will be adopted due to the need to find clusters formed by municipalities that
have a high level of development and low crime or, conversely, a low level of development and high
crime rate. The next subsection deals with ESDA, another methodology adopted to analyze the
distribution of crime and its relationship to the level of economic development.

6

That is, it is finite and there is a bijection 𝑓: ℕ ⟶ ℳ, with 𝑓 being the enumeration of the elements of.ℳ (LIMA,
2014).
7
Setting 𝑓: 𝐺𝑛 ⟶ ℳ as a injective function and being 𝐺𝑛 ⊂ ℳ, then 𝐺𝑛 is also characterized as a countable and finite
set.
8
The remaining distances are weighted distance defined by:𝑑(𝑋𝑙 , 𝑋𝑘 ) = √[(𝑋𝑙 − 𝑋𝑘 )′ 𝐴(𝑋𝑙 − 𝑋𝑘 )], with A being the
1
𝑝
desired weighting; and the distance from Minkowsky: 𝑑(𝑋𝑙 , 𝑋𝑘 ) = [∑𝑖=1 𝑤𝑖 |𝑋𝑖𝑙 − 𝑋𝑖𝑘 |⋋ ] ⁄⋋ , with 𝑤𝑖 being the
weighting.
9
The non-hierarchical techniques will be omitted, for further information, see Mingoti (2005, pag. 192).
10
Among them: a) Single Linkage Method In which the similarity between two conglomerates is defined by the two
elements more similar to each other,𝑑(𝐶1 , 𝐶2 ) = 𝑚𝑖𝑛 {𝑑(𝑋𝑙 , 𝑋𝑘 ), 𝑤𝑖𝑡ℎ 𝑙 ≠ 𝑘}. ; b) Average Linkage Method That deals
1
with the distance between two conglomerates as the average of the distances, 𝑑(𝐶1 , 𝐶2 ) = ∑ 𝑙∈𝐶1 ∑ 𝑘∈𝐶2 (
) 𝑑(𝑋𝑙 , 𝑋𝑘 ).
𝑛1 𝑛2
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3.2 Exploratory Spatial Data Analysis (ESDA)
The ESDA are techniques used to capture effects of spatial dependence and spatial
heterogeneity in the data used. For this reason, it is of great importance in the model specification
process, since if the ESDA indicates that there is some type of spatial process, it must be incorporated
into the model or treated in the correct way to avoid econometric problems such as bias and
inconsistency in the parameters. ESDA is also able to capture, for example, spatial association
patterns (spatial clusters), indicate how the data are distributed, occurrence of different spatial regimes
or other forms of spatial instability (non-stationarity), and identify outliers (ANSELIN, 1995)
Spatial dependence means that the value of a variable of interest in a region depends on the
value of that variable in other regions. This dependence occurs in all directions, but tends to decrease
its impact as increases geographic distance. On the other hand, spatial heterogeneity is related to the
characteristics of the regions and leads to structural instability, that is, each locality may have a
distinct response when exposed to the same influence. (ALMEIDA, 2012)
The first step to using ESDA and the techniques of spatial econometrics is the definition of a
spatial weights matrix, which expresses how the phenomenon under analysis is spatially arranged
(TEIXEIRA; BERTELLA, 2015). There are a large number of matrices in the literature, such as the
queen, tower and k neighbors matrices that are usually of binary contiguity, that is, if it is neighbor
receives the value one and receive zero if it is not neighbor. Besides that, there are those that give
differentiated weights for each region as the matrix of inverse distance, which assigns a smaller
weight as the regions become more distant. The definition of the matrix is very important for the
ESDA and in the estimation of the econometric model, since the results are sensitive to the different
matrices. Therefore, it is necessary to search for the one that best represents the phenomenon under
study and captures more faithfully the spatial process (ALMEIDA, 2012).
The second step is to test whether there is spatial autocorrelation of the variable of interest
between regions, in other words, whether the data are spatially dependent or randomly distributed.
One way to verify this is through Moran’s I, which are a statistics that seeks to capture the degree of
spatial correlation between a variable across regions. The expected value of this statistic is E(I) = 1/(n-1) being that values statistically higher or lower than expected indicate positive or negative
spatial autocorrelation respectively. Mathematically, it can represent the statistic by the following
formula:
𝑛 𝑧𝑡′ 𝑊𝑧𝑡
𝐼𝑡 = ( ) ( ′ ) 𝑡 = 1, … 𝑛
𝑆0
𝑧𝑡 𝑧𝑡

(18)

where n is the number of regions, 𝑆0 is a value equal to the sum of all elements of matrix W, z is the
normalized value of the variable of interest, Wz is the mean value of the normalized variable of
interest in neighbors according to a weighting matrix W.
However, the Moran's I statistic, according to Anselin (1995), can only capture the global
autocorrelation, not identifying the spatial association at a local level. Therefore, complementary
measures were developed that aim to capture local spatial autocorrelation, that is, that seek to observe
the existence of local spatial clusters. The main one is the LISA (Local Indicator of Spatial
Association) statistic.
For an indicator to be considered LISA, it must have two characteristics: (i) for each
observation it should be possible to indicate the existence of spatial clusters that are significant; ii)
the sum of local indicators, in all places, should be proportional to the global spatial autocorrelation
indicator. The present work will estimate the local Moran I statistic (LISA), which can be represented
mathematically as:
𝐽

𝐼𝑖 = 𝑧𝑖 ∑ 𝑤𝑖𝑗 𝑧𝑗

(19)

𝑗−1

where 𝑧𝑖 represents the variable of interest of the standardized region i, 𝑤𝑖𝑗 is the spatial weighting
matrix element (W) and 𝑧𝑗 is the value of the variable of interest in the standardized region j.
In univariate spatial autocorrelation, existing spatial dependence is found in relation to a
variable with itself lagged in space. In addition, there is a way to compute a correlation indicator in
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the context of two variables, ie to find out if a variable has a relation with another variable observed
in neighboring regions. Formally, the calculation of Moran's I in the context of two variables is done
following the equation:
𝐼 𝑦𝑥 =

∑𝑖 ∑𝑗(𝑥𝑖 − 𝑥̅ )𝑤(𝑦𝑖 − ̅̅̅
𝑦)
𝑛
∑𝑖 ∑𝑗 𝑤𝑖𝑗
∑𝑖 (𝑥𝑖 − 𝑥̅ )²

(20)

Like the univariate Moran I, if the bivariate has a positive value, this indicates that there is a
positive spatial correlation. If the value is negative, it indicates negative spatial dependence. On the
other hand, if the value is not statistically different from zero, this will indicate that there is no spatial
relationship between the variables.
Therefore, the ESDA will provide information on the existence or not of spatial dependence
and spatial heterogeneity in the phenomenon studied.
3.3 Database
This work covered the 5565 municipalities in Brazil, specifically considering the year 2010.
For the level of crime in the country, the homicide rate per 100,000 inhabitants, made available by
SIM-DATASUS, was used as proxy, according to the literature on the subject matter. (SANTOS and
SANTOS FILHO, 2011; MENEZES and UCHÔA, 2012). The variables used to construct the EDI,
in turn, are described in Table 1, along with their respective sources. All variables are from 2010.
Table 1 - Variables used in the factorial analysis model and their sources.
Variables
X1
X2
X3
X4
X5
X6
X7
X8
X9
X10
X11
X12
X13
X14
X15
X16
X17
X18
X19
X20

HDI – Human Development Index
Average per capita income
Population with higher education (%)
HDIE – Human Development Index - Educational Dimension
Formalization of the labor market (%)
Life expectancy at birth
Economically active population (%)
Proportion of extremely poor people
Child mortality
Illiterate population (%)
Population (over 18 years of age) without full fundamental (%)
Children from 6 to 14 years old who do not attend school (%)
Gini coefficient
Fertility rate
Population in households without tap water (%)
Population in households with inadequate water supply and
waste water (%)
Population in households with electricity (%)
Women heads of Family (%)
Non-white resident population (%)
Population with age between 15 and 24 years (%)

Source
ATLAS11
ATLAS
IBGE12
ATLAS
ATLAS
ATLAS
IBGE
ATLAS
ATLAS
IBGE
ATLAS
ATLAS
ATLAS
ATLAS
IBGE
ATLAS
ATLAS
ATLAS
IBGE
IBGE

Source: research data.

4. Spatial distribution of crime and its relation to economic development
The application of the factorial analysis model for the 20 economic and social variables
described in the previous section enabled the extraction of three factors with characteristics roots
greater than one (𝜆𝑖 ≥ 1). Table 1 brings the factors obtained, with their respective roots
characteristics, as well as the variance explains and accumulated. The three factors were able to
11
12

Atlas of Human Development (2013).
Demographic Census 2010
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explain approximately 72.36% of the variance to the 20 selected variables. Therefore, we can
conclude that the three factors have been able to summarize relatively well the variables, especially
because they are social variables, susceptible to random variations.
Table 1 – Characteristic root, variance explained by factor and accumulated variance.
Factor
Characteristic root
Variance explained by the
Cumulative variance (%)
factor (%)
F1
F2
F1

8,18693
3,60337
2,68086

40,93
18,02
13,40

40,93
58,95
72,36

Source: research data.

In addition, the Kaiser-Meyer-Olkin (KMO) test, which verifies the suitability of the sample
for the factorial analysis model, presented a value of 0.844, indicating that the set of variables have a
sufficiently high correlation for the use of the method. Bartlett's sphericity test, in turn, was
statistically significant 13, That is, it rejected the null hypothesis that the correlation matrix is equal to
the identity matrix. This way, from the results of both tests, we can conclude that the sample is suitable
for the factorial analysis method.
Finally, the orthogonal rotation of the factors was performed with the Varimax method, and
the results are found in Table 2, which presents the factorials loadings of each factor, as well as the
commonality of each variable. The interpretation of the results will be given as follows: For each
variable, it is considered which factor it contributes most, according to the absolute value of the
factorials loadings, which are highlighted in bold.
Table 2 – Factorials loadings and commonality
Variables
Factorials loadings
F1
F2
X1
X2
X3
X4
X5
X6
X7
X8
X9
X10
X11
X12
X13
X14
X15
X16
X17
X18
X19
X20
Source: research data.

0.8998
0.8834
0.8708
0.8418
0.7946
0.7500
0.5479
-0.6794
-0.7422
-0.8035
-0.8915
-0.0840
-0.1099
-0.3978
-0.5398
-0.4901
0.2807
0.0828
-0.5350
-0.3201

0.3456
0.1824
0.1029
0.3928
0.3076
0.1550
0.2153
-0.5270
-0.1873
-0.2966
-0.2330
-0.7528
-0.6587
-0.5708
-0.5612
-0.5334
0.7278
0.1054
-0.2640
-0.3596

Commonality
F3
0.1880
0.2481
-0.0345
0.0348
0.1112
0.2970
0.4791
-0.3355
-0.4600
-0.3577
0.0698
0.0510
-0.4013
-0.2681
-0.2814
-0.3291
-0.0843
-0.8174
-0.6015
-0.5783

0.9644
0.8752
0.7701
0.8641
0.7384
0.6747
0.5760
0.8519
0.7975
0.8615
0.8539
0.5763
0.6070
0.5559
0.6855
0.6331
0.6156
0.6862
0.7178
0.5662

It turns out that factor 1 is closely related to eleven of the twenty variables used, in addition
to presenting a positive relationship with seven of them and negative the remaining four. So there are
variables that contribute positively to the final value of Factor 1 as there are others that decreases it.
Among the positives, we have: X1, Human Development Index; X2, average per capita income; X3,
percentual da população com ensino superior completo; X4, Human Development Index - educational
13

Chi-square: 1.44e+05; degree of freedom: 190; p-valor: 0,000
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dimension; X5, formalization of the labor market (%); X6, life expectancy at birth; X7, economically
active population (%).When analyzing the variables, it is noted that they are related to the level of
economic and social development of the municipalities. The higher the values for these variables, the
more the place is characterized as one that provides good material and social conditions for its
population.
The negatively related variables, in turn, are: X8, Proportion of extremely poor people; X9,
Child mortality; X10, Illiterate population (%); X11, Population (over 18 years of age) without full
fundamental (%). High values for the quoted variables is related to localities with low level of
economic and social development, thus justifying the negative impact on the final result. Therefore,
factor 1, by capturing essentially economic and social characteristics, can be called Socio-economic
indicator of the Brazilian municipalities.
Factor 2, in turn, is strongly related to six of the twenty variables used in the factorial analysis
model, and only one has a positive impact. With respect to the negatives, we have: X12, children
from 6 to 14 years old who do not attend school (%); X13, Gini coeficiente; X14, fertility rate; X15,
population in households without tap water (%); X16, population in households with inadequate water
supply and waste water (%). In this way, high values for the quoted variables are closely related to
municipalities with low level of development due to the unwantedness of these characteristics.
The only variable that contributes positively to the end result of factor 2 is X17, which refers
to the population in households with electricity (%). Therefore, factor 2 is closely correlated with the
infrastructure, as well as the social conditions of the municipality. In this way, factor 2 can be called
Infrastructure and Social Indicator. As in the previous case, municipalities with a high value for this
indicator present a higher level of development.
Finally, the last three variables used are negatively related to factor 3, which are: X18, women
heads of Family (%); X19, non-white resident population (%); X20, Population with age between 15
and 24 years (%). Factor 3 is therefore closely linked to the characteristics of the population. Hence,
this factor can be called the Population characteristics Indicator.
After the estimation of factorials scores for each Brazilian municipality, the Economic
Development Index was built (EDI), as specified in the methodology. After its calculation, the index
presented an average (𝜇𝑚 ) of 47,3 and standard deviation (𝜎𝑚 ) of 16,4. With these values, it was
possible to define the categories of economic development for the Brazilian municipalities, as shown
in Table 3. It is noted that only 0.59% of Brazilian municipalities are part of the very high
development category (VH). On the opposite side, 1.37% of municipalities are in the very low
development category (VLD), which represents more than twice the number of VHD's. In addition,
more than half of the municipalities presented an average level of development (HMD e HMD), That
is, which belong to the range 30.9 to 63.8 with 62.26% of the total counties of the country.
Table 3 - Categories of the Economic Development Index (EDI)
Lower limit
Upper Limit
Total Municipalities Municipalities (%)
Categories
VHD
HD
HMD
LMD
LD
VLD

80,2
63,8
47,3
30,9
14,4
0

100
80,2
63,8
47,3
30,9
14,4

33
915
2073
1392
1076
76

0,59%
16,44%
37,25%
25,01%
19,34%
1,37%

Source: research data.

The main objective of this work is the verification of possible relations between the crime rate
of a particular location and its level of economic development. Thus, figure 1 shows the spatial
distribution of the homicide rate throughout the Brazilian municipalities (a) (per 100,000 inhabitants),
as well as for the Economic Development Index (EDI) (b) (distributed according to the categories
identified).
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It is noted that the homicide rate (a) is essentially concentrated in three regions of the Brazilian
territory, and they are: i) Coastal areas with large population concentration; ii) Brazilian agricultural
frontier located especially in Pará, Mato Grosso and Rondônia; iii) border regions with high flow of
people in Paraná and Mato Grosso do Sul. Andrade et al. (2013) also identified the regions i), ii) and
iii) with high crime rates, ii) and iii) are the main responsible, according to the authors, for the recent
formulation of the thesis of "Interiorization of crime" in the country.
Figure 1: Distribution of the homicide rate and EDI between the Brazilian municipalities in 2010 –
homicides (a) and EDI (b)

Source: research data.

In the case of EDI (b), a clear division of Brazil is observed in two areas with different levels
of development. The central south (Central-West, Southeast and South) of the country has the
majority of municipalities with high levels of economic development, with the majority presenting
an EDI above the average. On the other hand, in the North and Northeast there are a concentration of
municipalities with low level of development, with the majority possessing an EDI below the average.
These results are in line with those found Atlas of Human Development (2013), which also identified
the Central-South with most of the developed municipalities of the country while the North and
Northeast have most of the underdeveloped.
In addition, the spatial concentration of the municipalities is visible for both variables
analyzed (Figure). This is proven by the coefficients I of Moran (table 4), whose values presented are
positive and statistically significant at the level of 1% without relying on the convention matrix
applied. Thus, municipalities with a high level of homicides or economic development has a tendency
to be surrounded by municipalities with high coefficients for the same variable (and vice versa).
Finally, the spatial configuration is best represented with the three neighbours convention.
Table 4 – Moran’s I for homicide rate and for Economic development Index (EDI) - 2010
Homicide rate
Index - EDI
Source: research data.
Note: * Level of significance of 1%.

Three neigh.
0.29*
0.47*

Weights Matrix
Five neigh.
Seven neigh.
0.28*
0.27*
0.45*
0.43*

Ten neigh.
0.26*
0.42*
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By using Local spatial association indicators (LISA maps) the existence of spatial clusters
was identified for both the crime rate (a) and the level of economic development (b) in Brazil. In both
cases, the positive spatial concentration (high-high and low-low) maintained a similar configuration
as in Figure 1, in which only the gross distribution of the variables was verified, without considering
the formation of significant spatial clusters. Therefore, the distribution verified in Figure 1, in fact,
corresponds to the existence of spatial concentration for both variables.
Figure 2 – LISA for the homicide rate and EDI between the Brazilian Municipalities in 2010 –
homicides (a) and EDI (b)

Source: research data.

In addition, the spatial clusters identified for the homicide rate are apparently not located in
the same regions as the clusters for the development level. The region of the agricultural frontier in
Amazonia, for example, presents a large spatial concentration of homicides at the same time is a
region with low economic development. The Brazilian coastline, especially in the Northeast, presents
the same configuration, with high level of homicides (a) concomitantly to a Low-Low (or not
significant) concentration for EDI (b). In the opposite case, it is possible to cite some localities of the
states of Minas Gerais, Rio Grande do Sul and Sao Paulo, where there are some Low-Low space
clusters for crime (a) as they are the regions with the highest level of development in the country.
Finally, we can mention some exceptions that do not follow the pattern identified previously:
parts of the state of Rio de Janeiro and Espirito Santo and the metropolitan Region of Curitiba. Those
regions have a high level of economic development (b) while the crime rates (a) are high. Coutollene
et al. (2000) and Cerqueira (2010), for example, estimated that only in the city of Rio de Janeiro, the
annual cost associated with crime comes to 5% of the GDP of the city.
With regard to Curitiba, the results found are in accordance with those obtained by Anjos
Junior et al. (2016), which identified in this metropolitan region the highest concentration of
municipalities with high crime rate in the South of the country. The author has also found that Paraná
and especially the region of Curitiba has a dynamic different from other southern localities, and the
HDI, a development proxy, was not significant to explain the level of homicide in the area.
However, these regions are set up as isolated cases when taking into account the Brazilian
context. When analyzing maps (a) and (b) (Figure 2), the predomintannte configuration is that a high
level of development is associated with a lower crime rate (and vice versa). To test this hypothesis,
complementary methodologies will be used, with the purpose of better checking the relationship
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between the two variables in the study: Bivariate spatial autocorrelation and cluster analysis. The
results found will be presented in the next paragraphs.
In relation to the bivariate spatial autocorrelation, used with the intention of analyzing spatial
dependence between different variables, a result of -0,100614 was found, indicating a considerable
negative spatial association between the rate of crime and the level of development. In other words,
municipalities with a low number of homicides tend to be surrounded by neighbours with high value
for EDI (and vice versa), a hint that the hypothesis sustained in this work can in fact be true. Figure
3, in turn, brings the results of bivariate local Moran’s I. The order of the variables in the estimation
was EDI in relation to the murder
Figure 3: The bivariate local Moran’s I between crime and EDI for Brazilian municipalities in 2010.

Source: research data.

The Low-High (LH) and High-Low (HL) spatial clusters are those of higher interest in the
present paper, because it seeks exactly an inverse relationship between the variables. The spatial
associations with this configuration are 352 municipalities for LH and 525 for HL, ie 26.74% and
39,89% of the total15 respectively. Therefore, 26.74% of the country's municipalities are set up as low
in development and high in crime rates, moreover, most of them are in the northeast and northern
regions of the country. On the other hand, 39.89% are those that have high development and low
crime. These municipalities are located mainly in the Central-South region of Brazil.
The results for grouping analysis (cluster analysis), a technique coming from multivariate
statistics, will be presented in the next paragraphs. The space clusters, used previously, although also
use concepts of similarity and dissimilarity, but only consider their existence when they assume a
certain spatial pattern, that is, a municipality necessarily needs to be neighbor of other Municipalities.
In group analysis, on the other hand, the neighborhood relationship is not necessary, two
municipalities may be located on opposite sides of the country, but still belong to the same cluster. In
addition, this multivariate technique has a goal of grouping the information according to some chosen
criterion and, in the end, there is no information left out, as the non-significant case in spatial clusters.
Therefore, the use of group analysis will be used as a complementary methodology to the previous
ones, in view that it manages to capture relationships that those previously adopted may not succeed.
14

P-value: 0.001000
It represents approximately two thirds of the total, indicating the predominance of this spatial configuration for the
analyzed variables.
15
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Figure 4 brings the Dendogram regarding the homicide rate and the level of development
(EDI). The group analysis suggests that there are basically four clusters between the Brazilian
municipalities that present similar characteristics in relation to the analyzed variables (crime and
EDI). However, it turns out that there is an unequal division between the groups. Two of the groups
(in the right of the Dendograma) has a small amount of municipalities when compared to the other
half (left).
Figure 4: Dendogram.

Source: research data.

Figure 5 brings the distribution of the identified groups, as well as the number of
municipalities in each group. Remembering that the method used was the Complete Linkage, which
classifies according to a criterion of dissimilarity. Therefore, it was sought to group municipalities
with high level of development at the same time that has low crime rate (and vice versa). The large
part of the Brazilian municipalities were grouped basically in two clusters. The largest of these is the
Cluster 1 that has 2846 municipalities (51.14% of the total). The Cluster 2 has, in turn, 2288
municipalities (41.11% of the total). Thus, adding both clusters Results in approximately 92.25% of
the total, so representing the vast majority of Brazilian municipalities.
Figure 5: Cluster’s distribution of Brazilian municipalities in 2010.

Source: research data.
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Cluster 3, in turn, has 405 municipalities in the country while cluster 4 has only 27, that is,
this represent 7.27% and 0.48% of the total respectively. The low representativeness of the clusters,
especially of the fourth, can characterize them as outliers, that is, they have certain elements and
characteristics that are not shared with the vast majority of Brazilian municipalities.
To better verify the characteristics of each cluster, Table 5 brings the averages of the homicide
rate and the Economic Development Index (EDI) in each group identified, as well as to Brazil. The
Cluster 1 presented an above-average value to EDI, and at the same time a value below-average for
homicide. The Cluster 2, in turn, presented a reverse dynamics, that is, it has as characteristic
municipalities with low development and crime rate above the national level. Thus, both corroborate
the basic hypothesis raised by the present paper, that is, that high crime rates are linked to
municipalities with low level of economic development (and vice versa). Moreover, by representing
about 92.25% of the country's municipalities, the dynamics of these two Clusters actually represents
the majority of the Brazilian reality.
Table 5 – Average homicide rate and development for the five clusters and for Brazil.
Average
Homicide
EDI

Cluster 1
11,2
57,8

Cluster 2
15,31
33,8

Cluster 3
14,78
51,01

Cluster 4
16,47
38,54

Brazil16
13,18
47,32

Source: research data.

The Cluster 4 presented the same dynamics as Cluster 2, but with a slightly larger average.
The municipalities have a slightly larger level of development than Cluster 2, but also with higher
crime rates. However, considering the Brazilian average, the municipalities of this Cluster can still
be considered "underdeveloped" with high rates of criminadade. In addition, Cluster 4 is not
representative of Brazilian reality (only 0.48% of municipalities) and its characteristic can come from
a dynamic of its own, different from that presented by the vast majority of municipalities. For
example, it is noted in Figure 5 that several of these municipalities are located in the so-called
Brazilian agricultural frontier in the Amazon, in states such as Mato Grosso, Pará and Rondônia. They
are localities that have presented rapid occupation and economic growth in recent decades, but where
the inhibiting institutions of crime may not have accompanied this advancement.
Finally, the Cluster 3 is the only one that actually contradicts the hypothesis that high
development leads to lower crime rate. Even if the EDI average of this cluster exceeds that of Brazil,
the municipalities that integrate it still have high crime rates. These results of the grouping analysis
corroborate those found by the spatial clusters in Figure 3. Regions located in Rio de Janeiro and the
Espirito Santo, as well as the metropolitan region of Curitiba, were also identified by the analysis of
grouping as with high development and high crime rate. However, the analysis of clusters without
considering the space allowed to identify some localities that also present this contradictory
dynamics, for example in the states of Mato Grosso do Sul (MS) and Mato Grosso (MT). It is observed
that there is a concentration of municipalities of this cluster in border regions or that have suffered
intense agricultural occupation in recent years, ss is the case of MS, MT and also Goiás.
Therefore, although the hypothesis is true for most Brazilian municipalities, there is a group,
represented by Cluster 3, which deserves special attention on the part of researchers and public agents.
In these localities, the advancement of material and social well-being will not necessarily lead to a
fall in the level of crime. Even, it can even increase the number of murders, due that these regions
present a different dynamics. In addition, they are strategic localities for the country, because these
regions have at least one of the following characteristics: High population density; Border regions
subject to smuggling and trafficking in drugs and weapons; Locales with high economic dynamism.
Therefore, they are municipalities that have a high relevance for the Brazilian population, either
directly or indirectly.
16

Average homicide rate (by 100,000 inhabitants) of Brazilian municipalities used by group analysis (Euclidean
distance).
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Hence, it is necessary further investigations into these municipalities, for the purpose of
seeking and identifying the causes and consequences of this differentiated dynamics in relation to the
majority. Thus enabling the construction of policies and actions that minimize any problems.
Final considerations
The present work sought to analyze the relationship between the homicide rate and the level
of economic development in the Brazilian municipalities. Firstly, an indicator of economic
development (EDI) was developed, with multivariate statistics techniques, for all Brazilian
municipalities. The index was able to identify the existence of disparities throughout the Brazilian
territory, especially of the North-Northeast and Central-South dichotomy, with the latter
concentrating most of the country's developed municipalities.
There was also a positive spatial dependence on both crime and development levels
throughout the country, as well as the existence of significant spatial clusters. In this way,
municipalities with high value for the crime rate and/or development tend to be surrounded by
neighbors with a value of equal magnitude for the same variable (and vice versa).
With regard to the relationship between crime and economic development, a significant spatial
autocorrelation was also found. However, unlike the previous case, the relationship was negative, that
is, regions with high level of development tend to be surrounded by municipalities with low crime
rate (and vice versa). Thus, evidence was found to sustain the hypothesis raised by this paper that the
crime rate is inversely related to development.
Finally, with the group analysis, evidence was also found that support the hypothesis. That is,
that a high level of development is a crime inhibitor. However, there are a small number of
municipalities, identified in Cluster 3, that the level of economic development is not capable of
barring the advancement of crime. Which is the case of Rio de Janeiro, Espirito Santo, Curitiba,
agricultural frontier and border regions. So, they are localities that demand more detailed
investigations, in view of the strategic importance of these regions to the country and its population.
In order to undertake focused policies and actions that minimise the increase in crime in these regions
it is necessary that researchers and public agents take greater care of this issue in an attempt to
understand the reasons and consequences of this dynamics not shared with other locations. Because,
for the vast majority of Brazilian municipalities (those comprising Clusters 1, 2 and 4 - 92.73% of
the total), the evidence points in the direction that the best action against crime is basically the
incentive to economic development of these localities, not requiring special attention.
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