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Abstract 

Urban segregation has brought significant challenges to cities worldwide and has important 
implications for health. This study aimed to assess income segregation in the 152 largest 
Brazilian cities included in the SALURBAL Project and identify specific socioeconomic 
characteristics related to residential segregation by income. Using the Brazilian demographic 
census database of the year 2010, we calculated the income dissimilarity index (IDI) at 
census tract level for each SALURBAL city; subsequently comparing it with Gini and other 
local socioeconomic variables. We evaluated our results' robustness using a bootstrap 
correction to the IDI to examine the consequences of using different cut-offs of income that 
were relevant in the context of strong urban and regional inequalities. We identified a 2 
minimum wages cut-off as the most appropriate and found little evidence of upward bias in 
the calculation of the IDI regardless of the cut-off used. Among the 10 most segregated cities, 
9 are in the Northeast region, the region with the highest income inequality and poverty in 
Brazil. Our results indicate that the Gini index and poverty are the main variables associated 
with residential segregation, measured by the IDI. Social and environmental characteristics 
were also associated with IDI, reinforcing the notion that access to education, water, 
sanitation, and better residential conditions are fundamental to improving social equity. 
 
 
Keywords:  Segregation. Income Dissimilarity Index. Urban Inequality. Brazil.  

 

1. Introduction 

The phenomenon of the expansion of cities and the process of transformation of urban 

areas has led to the creation of various forms of spatial territories. Central and peripheral 

areas are objects of theoretical and empirical studies worldwide. The socioeconomic 

configurations that have emerged since then stem from dynamic city centers with multiple 

and often conflicting features. In this sense, residential segregation and inequality arise as a 

consequence of a series of actions that can be subjective and individual or material due to a 

superstructure of discrimination (Schelling, 1971; White, 1983; Iceland et al., 2002; Reardon 

& Bischoff, 2011). 
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The dimensions of segregation include scale, evenness, entropy, exposure, concentration, 

and centralization (Massey & Danton, 1988; Acevedo-Garcia et al., 2003; Reardon & 

Bischoff, 2011; Garcia-López & Moreno-Monroy, 2018). The heterogeneity of services, 

infrastructure, access, or lack of resources contained in each neighborhood within cities 

differentially impacts the income conditions of residents and affects the process of 

segregation. Segregation and inequality are severe problems observed worldwide (United 

Nations, 2020). In Latin American countries, and Brazil, in particular, the situation is often 

especially stark (Ferreira & Ravallion, 2008).  

Residential segregation accentuates social and economic inequalities and reveals an 

unequal social structure. In this sense, segregation is a dimension of social inequality but 

presented as fractioned spatial arrangements that impede social mobility since groups are 

distinguished in relation to social isolation or exclusion. It can be reflected in cities where 

the economically most vulnerable people have great barriers to getting to work, young 

people going to school, and other dimensions of social interactions and engagement. 

Santos et al. (2021) calculated income segregation for Brazilian cities and highlighted 

how it affects homicide patterns in large urban centers. According to the authors, segregation 

is further aggravated by high regional inequalities in Brazil, and under these circumstances, 

there is a discriminatory social structure that involves the spatialization of inequality and 

poverty. Thereby affecting the collective health of individuals and households that find 

themselves in a situation of socioeconomic vulnerability.  

 This study examined the association between income segregation and inequality as major 

factors for promoting equity and social development in large Brazilian urban centers, using 

the dissimilarity index.  The Income Dissimilarity Index (IDI) originally proposed by 

Duncan and Duncan (1955) allows a spatial view of the population that would need to be 

“moved” within a city to make it homogeneous in terms of income. It is a measure of average 

segregation that indicates how far the poorest are from the city's average income (Massey & 

Danton, 1988; Iceland et al., 2002). To define an income cut-off at the national level, we 

initially tested different low-income minority groups: households that earn 0 to ½ wage, 0 

to 1, 0 to 2, and 0 until 3 wages1. Subsequently, we obtained the IDI based on the income 

data of all 164,109 census tracts of 152 Brazilian cities as defined by SALURBAL project 

(Quistberg et al. 2019; Roux et al. 2019).  

                                                
1
 In 2010, the official monthly nominal minimum wage in Brazil was equal to R$ 510.00 or approximately US$ 

289.00.  
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This paper seeks to answer three important research questions: (i) What is the best s 

income cut-off for shares of low-income households to calculate IDI?; (ii) Is there a bias in 

the IDI to the point of making the indicator inconsistent?; (iii) how is the IDI associated with 

other socioeconomic indicators in a context of high regional inequality?  

We found that the cut-off of 2 minimum wages is adequate to define a low-income 

minority group at the national level in Brazil since its represents 33.8% of the sample. This 

mean that the percentage of the low-income group is a major factor in the analysis of 

residential segregation measured by income. Through sensitivity analyses (Allen et al. 2015; 

Tivadar, 2019) using bootstrap method, we observed that there is no relevant bias embedded 

in the income-based dissimilarity index specifically for Brazil. Therefore, in the context of 

great regional income inequality, the spatial distribution of the low-income minority is 

essential to measure the heterogeneity within a city and efficiently capture the level of 

segregation.  

The heterogeneity we refer to means reaching a low-income minority group, capable of 

adequately representing intra-urban and regional inequality patterns. Finally, using linear 

regression models we find that the Gini index and poverty are the main variables associated 

with residential segregation, measured by the IDI. Other social and environmental 

characteristics were also associated with IDI, including education, access to water, 

sanitation, and better residential conditions.  

 

2. Data and Methods 

2.1 Data 

We used the sample of the 152 Brazilian cities included in the SALURBAL project 

comprising urban agglomerations with more than 100,000 inhabitants in 2010. The urban 

agglomerations (referred to as L1ADs) comprise 422 sub-city units (municipalities) 

(Quistberg et al. 2019).  

Income data by census tract were collected by the Brazilian Bureau of statistics (IBGE, 

Portuguese acronym) for the year 2010 and was harmonized and consolidated by the 

SALURBAL project. In Brazil, data at the census tract level are collected every 10 years. 

The last demographic census was carried out in 2010. 

The socioeconomic variables examined in relation to IDI are shown in Table 1. SEI is an 

indicator that takes into account the level of education (proportion of the population aged 25 

or older who completed primary education or above), access to water, sanitation, and 

housing conditions based on the number of households overcrowding. The overcrowding 
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indicator was reverse coded so that higher values all measures indicate a better social 

environment. Finally, the four measures were summed and divided by 4, assuming equal 

weights for each one (Bilal, 2021). The SEI index and other covariates were transformed 

into a Z-score.  

Three models were estimated taking the IDI as the exposure variable. The first, in model 

1, the Gini index was used as outcome and in the second, the SEI. In the third model we 

included all other covariates. 

 

 

 

 

Table 1. Variables used in the regression, all data for 2010. 

Variables Definition 

Population Projected population. 

Gini index Income inequality  based on the household total income. 

GDP per capita Nominal GDP (UU$ dollars)/Population. 

Unemployment 
The unemployment rate among the total population 15 

years or above in the labor force. 

Poverty rate 

The proportion of the population living in households 

with household income below the national income 

poverty line. 

Social Environment Index (SEI) 

Education / water access / sanitation / overcrowding 

(reverse coded). Indices summed and divided by 4 

assuming equal weights for all four measures.  

                     Source: SALURBAL Project. 

 

 

2.2 Definition of the dissimilarity index  

The allocation of individuals within a space can be purely random, or it can reflect the 

influence of economic, social, and environmental determinants. In general, the systematic 

allocation process is influenced by the preferences or restrictions of individuals and occupied 

areas. 

Allen, Burgess and Windmeijer (2009), Allen et al. (2015), Mazza and Punzo (2015), 

Mazza (2017) offer statistical tools capable of measuring the distribution of individual 

allocations in space through the dissimilarity index. All specifications described here are 
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based on the methodology developed by these authors. Hereafter, we assume that there are 

units 𝑗 = 1,… , 𝐽, nested within a given urban area. Individuals may or may not have 

measurable characteristics on a dichotomous scale, 𝑐 = 0, 1. The number of individuals with 

status 𝑐 in the urban area is denoted 𝑛*. Individuals are allocated, 𝑛+* individuals in unit 𝑗 
having status 𝑐, and the total number of individuals in unit 𝑗 is represented by 𝑛+ =	𝑛+- + 𝑛+/. 

Then, we can use the dissimilarity index 𝐷 for a given region, as follows: 

 

𝐷 = 	 1223𝑛+-𝑛- −
𝑛+/𝑛/3

5

+6-
																																																		(2.2.1) 

 

The allocation is given by a set of probabilities 𝑝+* that assigns individual 𝑖 for unit 𝑗 
according to individual status 𝑐: 

 

𝑝+< ≡ 𝑃(𝑢𝑛𝑖𝑡 = 𝑗|𝑐 = 𝑎), 𝑗 = 1,… , 𝐽; 𝑎 = 0,1.																																(2.2.2) 
 

Systematic segregation is present when there is 𝑗 such that 𝑝+- ≠ 𝑝+/. The relationship 

between 𝐷 and the underlying allocation probabilities is denoted by the fraction 
EFG
EG, 𝑐 = 0,1. 

Since �̂�+* =	 EFGEG, therefore, 𝐷 is only half of ∑ |�̂�+-5+6- − �̂�+/|. The objective is to recognize the 

dissimilarity index as an estimator for the population quantity to allocate individuals 

independently. Thus, the population of a region with an individual number 𝑛, proportionally 

𝑝 = 	𝑛-/𝑛 with status 𝑐 = 1 is allocated in 𝐽 units according to the 𝑝+* probability. The 

probability function captures all allocations and the results are the allocations 𝑛+ = 𝑛+- + 𝑛+/ 

determined by a stochastic allocation, and the sizes of the units are given by: 

 

 𝐸L𝑛+M = 𝑛-𝑝+- + 𝑛/𝑝+/																																																				(2.2.3)  
 

Therefore, we can rewrite 𝐷 as: 

 

𝐷OPO =	 -Q∑ |𝑝+- − 𝑝+/|5+6- 																																												(2.2.4)  
 

𝐷OPO = 0 if and only if 𝑝+- = 𝑝+/	∀	𝑗.  
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Maximum likelihood functions can estimate the conditional probabilities as independent 

allocations of multinomial distributions, and the function's log-likelihood can be described 

as: 

log𝐿 = 𝑙𝑜𝑔[ 𝑛-!
𝑛--!… 𝑛5-!] + 𝑙𝑜𝑔[

𝑛/!
𝑛-/!… 𝑛5/!] +2𝑛+-

5

+6-
𝑙𝑜𝑔(𝑝+-) +2𝑛+/

5

+6-
𝑙𝑜𝑔(𝑝+/)			(2.2.5) 

 

The maximum likelihood estimator is given by �̂�+- = EF_
E_ e �̂�+/ = EF̀

E`, 𝑗 = 1,… , 𝐽. expressed 

by the product of two independent multinomial distributions, one for 𝑐 = 0 and one for 𝑐 =
1: 

𝑃a𝑛-/, … , 𝑛+/, 𝑛--, … , 𝑛+-; 𝑝-/, … , 𝑝+/, 𝑝--, … , 𝑝+-, 𝑛/, 𝑛-b =cc𝑛*
-

*6/

5

+6-
!	a𝑝+*b

EFG

𝑛+*! 										 (2.2.6) 
 

When we assume that the size of units 𝑛+ is fixed, we apply another model and 

additionally assume that the size of population 𝑛 and the minority proportion 𝑝 are also fixed. 

The allocation can be given by conditioned probabilities and 𝐷OPO is written as: 

𝐷OPO = 1
22𝑝	(𝑢𝑛𝑖𝑡 = 𝑗)

5

+6-
3𝑃(𝑐 = 1|𝑢𝑛𝑖𝑡 = 𝑗)

𝑃(𝑐 = 1) − 1 − 𝑃(𝑐 = 1|𝑢𝑛𝑖𝑡 = 𝑗)
1 − 𝑃(𝐶 = 1) 3

= 	122
𝑛+𝑛

5

+6-
3𝑃(𝑐 = 1|𝑢𝑛𝑖𝑡 = 𝑗)

𝑃(𝑐 = 1) − 1 − 𝑃(𝑐 = 1|𝑢𝑛𝑖𝑡 = 𝑗)
1 − 𝑃(𝐶 = 1) 3																(2.2.7) 

 

Therefore, with a complete population or with a random sample, 𝐷 will remain an 

estimator of 𝐷OPO, both in cases of random effects or units of fixed sizes. This statistical 

distribution allows us to demonstrate whether or not there is bias in the income dissimilarity 

index, as described below. 

 

2.3 Measuring the presence of bias in the index 

The bias can arise when the area population is small or the minority group proportion is 

very low. Consequently, the index is affected by differences in the proportion of the minority 

in the population and by the size of the areal unit of analysis, making it difficult to compare 

the indices across cities. Fosset (2017) presents a series of “rule-of-thumb” practices to 

minimize the problem of bias, among which we highlight: (i) the use of census tracts and (ii) 
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focus on the comparison between broader minority and the rest of the population versus 

more finely categorized groups. 

We followed these recommendations by working with census tract level data and 

explored the bias generated by different income cut-offs. In order to evaluate bias embedded 

in the IDI we use randomization models with bootstrap. For that, we take as reference Efron 

(1979) in which for an estimator 𝜃h = 𝑠(𝑥) the bootstrap bias estimator is defined as 𝑏𝑖𝑎𝑠lh: 
 

𝑏𝑖𝑎𝑠l = 𝑏𝑖𝑎𝑠l	a𝜃h, 𝜃b = 	𝐸l 	[𝑠(𝑥)] − 𝑡(𝐹)																											(2.3.1) 
𝑏𝑖𝑎𝑠lh = 𝐸lh 	[𝑠(𝑥∗)] − 𝑡a𝐹hb																																									(2.3.2) 

 

Where 𝑡a𝐹hb is the estimator of 𝜃 is different from 𝜃h = 𝑠(𝑥∗). 𝑏𝑖𝑎𝑠lh  is the plug-in 

estimator of 𝑏𝑖𝑎𝑠l, and 𝜃h may or may not be the 𝜃. Efron (1979) also demonstrates the ideal 

bootstrap estimator through simulations by Monte Carlo, in which independent bootstrap 

samples (𝑥∗-), (𝑥∗Q),… 𝑠(𝑥∗q), are generated, as in Figure 1, calculating the bootstrap 

replications 𝜃h∗(𝑏) = 𝑠(𝑥∗r) and approximating the expected value 𝐸lh 	[𝑠(𝑥∗)] by the mean 

 

𝜃h∗(. ) = 2𝜃h∗(𝑏)
𝐵 =	

q

r6-
2 𝑠(𝑥∗𝑏)

𝐵 	
q

r6-
																																					 (2.3.3) 

 

Figure 1. Illustration of bootstrap replications 

 

Source: Efron, 1979. 
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Bootstrap samples are generated from the original data set. Each bootstrap sample has 𝑛 

elements, generated by sampling with replacement 𝑛 times from the original data set. 

Bootstrap replicates 𝑠	(𝑥∗-), (𝑥∗Q),… 𝑠(𝑥∗q) are obtained by calculating the value of the 

statistic 𝑠	(𝑥) on each bootstrap sample. Finally, the standard deviation of the values 

(𝑥∗-), (𝑥∗Q),… 𝑠(𝑥∗q) is our estimate of the standard error of 𝑠	(𝑥).  
The bootstrap bias estimator based on 𝐵 replications 𝑏𝚤𝑎𝑠uq, is (3.3.2) with 𝜃h∗(. ) replaced 

by 𝐸lh 	[𝑠(𝑥∗)]: 
 

𝑏𝚤𝑎𝑠uq = 𝜃h∗(. ) − 	𝑡a𝐹hb																																														(2.3.4)	 
 

 Concerns about the bias embedded in the dissimilarity index are not recent. Carrington 

and Troske (1997) developed indexes of systematic segregation that measure the distance of 

randomness samples instead of the distance of uniformity. The use of randomness in the 

allocation implies a substantial unevenness caused by small minority shares in relation to 

the whole or census tracts that are not very representative in terms of income heterogeneity 

between households. This reinforces the need to check for bias in the indicator when 

examining associations with other socioeconomic, health, environmental, built factors, etc. 

 

2.4 Associations between the dissimilarity index and other socioeconomic variables 

The linear regression method is a classic technique of statistical mathematics and an 

essential part of modern econometrics theory (Rao & Toutenburg, 1995; Wooldridge, 2019). 

We take a generalized and multivariable linear equation and ran three models to look for 

associations between the dissimilarity index and socioeconomic variables. In the first model, 

the outcome of interest is the Gini index traditionally used to measure income inequality 

between households, cities or regions. In the second model we use the social environment 

index, which aggregates important variables for social development in a city. Finally, in the 

third model, we introduce the entire set of covariates. 

 

3. Results and Discussion 

Table 2 provides an overview of our data. We stratified the sample of studied cities by 

population quartiles to observe the pattern of the different indicators according to the size of 

the city population. Both the dissimilarity and Gini indexes increase with the population size. 

Cities in the second quartile of the population have a higher GDP per capita due to an 
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accentuated growth in medium-sized cities in Brazil (Henderson, 1997; Mata et al., 2005; 

Bolay, 2020). This finding can also be explained by the high cost of living in the country's 

major metropolitan centers. This is reflected in monetary matters and is also related to the 

quality of life and leisure of households in large cities. 

Unemployment and poverty did not differ much between cities according to population 

size. However, the social environment index points out that larger cities can provide more 

services to improve the well-being of households. 

 

 

 

 

Table 2. Descriptive statistics by city population quartiles 

 

As shown in Figure 2, the cut-offs analyzed for the 152 cities in the SALURBAL project 

presented different average, maximum, and minimum levels. The mean income segregation 

of the ½ minimum wage cut-off was 45%. However, the proportion of households in the 

minority low-income group is very small, with only 1.7% of Brazilian households (Figure 

2(b). Therefore, it is not reasonable to work with this cut-off. 

Based on this same criterion, the indicator of 1 minimum wage also represents a small 

proportion of households, only 13.1% are in the low-income minority group. Therefore, cut-

offs of 2 and 3 minimum wages present better distributed samples and have an average of 

Variables 
Q1(N = 38) 

Mean 
(SD) 

Q2 (N = 38) 
Mean 
(SD) 

Q2 (N = 38) 
Mean 
(SD) 

Q4 (N = 38) 
Mean 
(SD) 

Dissimilarity index 
0.25 

(0.04) 
0.25 

(0.04) 
0.26 

(0.04) 
0.30 

(0.04) 

Gini 
 

0.53 
(0.03) 

0.53 
(0.02) 

0.54 
(0.03) 

0.60 
(0.04) 

GDP per capita 
(US$) 

 
14.2 
(9.1) 

18.5 
(12.8) 

16.5 
(9.6) 

17.3 
(7.0) 

Unemployment 
 

0.09 
(0.03) 

0.08 
(0.03) 

0.08 
(0.02) 

0.09 
(0.02) 

Poverty rate 
 

0.26 
(0.15) 

0.24 
(0.12) 

0.25 
(0.13) 

0.24 
(0.11) 

SEI 
 

0.07 
(0.39) 

0.02 
(0.34) 

0.09 
(0.44) 

0.19 
(0.36) 
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income segregation, 27%, and 29%, respectively. However, the low-income cut-off related 

to households earning up to 3 minimum wages exceeds 50% of the sample, so this group 

cannot be used as a minority group.  

The level of bias found in the IDI was low, and did not appear to be dependent on the cut-

off level used, as shown in Figure 2(c). The Brazilian bureau of statistics defines census 

tracts as a continuous cadastral control unit. Every sector must be fully contained in an urban 

or rural area and its dimension in numbers of households and establishments must allow the 

enumerator to carry out the work within a specified period. The number of households and 

households in the census tracts is similar regardless of the city (IBGE, 2020), which also 

explains the low level of bias found. For all income groups analyzed, on average, the bias 

remained below 0.5%. 

Figure 2. Descriptive statistics for the indices 

(a) Mean of the IDI  

 

(b)  Low-income minority group cut-off 
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(c)  Level of bias embedded in the dissimilarity index by cut-off 

 
 

Source: Research results. 

 

Figure 3(a) shows the histogram for the distribution of the percent of households earning 

up 2 minimum wages across cities.  As the level of bias, specifically for the Brazilian case, 

was not dependent on the sample mean in any of the cases, we can use the indicator with or 

without correction. Therefore, we use the indicator originally calculated by the SALURBAL 

Project. Figure 3(b) presents the distribution of 2 minimum wage IDI and the percent 

minority low-income group for cities.  The correlation between both measures was 

approximately 0.25. 

 

Figure 3. Statistical distribution for the income dissimilarity index 

(a) Histogram distribution 
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(b) Correlation IDI of 2 wages and its low-income minority group 
 

         Source: Research results. 

 

In subsequent analyses we used the 2 wages cut-off to look for associations between 

residential segregation indicators and other socioeconomic variables.  

 

3.1 Spatial distribution of indicators 

Figure 4 shows the spatial distribution of the IDI for the 152 Brazilian cities (or urban 

agglomerations) of the SALURBAL project. Spatial patterns in income segregation are 

similar to spatial patterns in the Gini coefficient revealing increased income vulnerabilities 

in Brazil's North and Northeast regions (Reis, 2014). The North and Northeast regions are 

also those with the highest percentage of the indigenous and black and population in the 

country, which points to a possible correlation between income segregation and the high 

levels of racial inequalities in Brazil (Bailey, Loveman & Muniz, 2013). 

 

Figure 4. Income dissimilarity and Gini indexes for 152 Brazilian cities, 2010. 
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(a) Income Dissimilarity Index (IDI) 
 

 

(b) Gini index 
 
 

Source: SALURBAL Project. 

 

In the field of the regional economy, studies such as Akita (2003), Elbers et al. (2003), 

Trendle (2005), Tarozzi and Deaton (2009), Miranti et al. (2015) used statistical and spatial 

methods to estimate income inequalities, poverty, demographics, Gini, market composition 

workplace, educational issues and, racial segregation. The literature converges in the 

direction that policies aimed at reducing regional inequalities, income, and greater social 

welfare are beneficial as a whole. 

Tarozzi and Deaton (2009) also estimated levels of inequality and poverty for small areas 

of Mexico's cities using census data from the 2000s. According to the authors, regional 

inequality patterns could be observed according to predictors such as education, family 

spending, housing, family composition, employment level, etc. Therefore, the spatialization 

of inequality can be relevant in constructing policies aimed at reducing segregation and 

poverty. 

Torres (2006) calculated the dissimilarity index for the city of São Paulo, the largest city 

in Brazil, and highlighted the importance of the indicator in providing consistent 

socioeconomic evidence on residential segregation. For the author, segregation is a 

phenomenon that has consequences in a broad sense, but it can be mitigated with income 

distribution and housing policies. However, the rapid urbanization of cities can implement 

policies that alleviate segregation complex, given the lack of funding for public works, 

increased violence, and social degradation of marginalized individuals. 
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3.2 Associations between IDI and socioeconomic variables 

The relationship among the evenness indexes that measure segregation and other 

socioeconomic indicators are widely analyzed, especially in developed countries (Darroch, 

1971; White, 1983; Reardon & Bischoff, 2011; Musterd, et al. 2017). However, in 

developing economies, data on income, race, education is more difficult to find at the census 

tract level which is needed to estimate residential segregation indicators. 

Figure 5 shows the correlations between the variables. The Gini, poverty rate and 

unemployment have the greatest correlations with the dissimilarity index. The population, 

GDP per capita, and the SEI have lower correlations. 

 

Figure 5. Correlation matrix among the indices 

 

Source: Research results. 

 

Table 4 shows linear regression coefficients reflecting the associations between the 

dissimilarity index and the set of socioeconomic variables. We can see a strong association 

between most of the indicators with the IDI. In the first model, only the coefficient for the 

Gini index is presented. For this indicator, we find that with each change of 1 standard 

deviation in the Gini index, there is an expected increase of 0.038 (CI 95%: 0.033, 0.043) in 

the level of segregation. 

  An important result was found in the association between the dissimilarity index and the 

social environment, represented by the SEI index in model 2. As expected, the relationship 
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between residential segregation and the indicator was negative. In other words, for each 

change in standard deviation in the SEI, there is a -0.036 (CI 95%: -0.056, -0.017) decrease 

in income segregation. Thus, the social environment proved to be relevant to the decrease in 

income segregation. Notably, better educational indicators, access to water, sanitation, and 

housing improvements in neighborhoods far from central metropolitan regions have been 

previously suggested to reduce segregation (Moody 2001; Watson 2009; Fiel 2015).  

Finally, in the last model, we included the entire set of variables and observed that the 

Gini index continues to have a relevant association with residential income segregation 

(0.025 CI 95%: 0.018, 0.032) even after other variables are accounted for. The poverty index 

becomes also significant (0.012 CI95%: 0.000, 0.025). In addition to economic and social 

issues, inequality poses growing challenges given the urban changes occurring across the 

planet. Furthermore, the effects of inequalities are directly felt in the life expectancy of the 

most vulnerable populations in Latin America (Bilal et al., 2019).  

We also estimated the models using the IDI corrected with the bootstrap method to 

provide more robustness to the results. As expected, the results were maintained. Appendix 

A shows the estimated coefficients with marginal changes, but the effects and significance 

remained unchanged. 

 

 

 

 

 

 

 

 

Table 4. Linear regression coefficients for Brazilian cities in 2010   

 Model 1 (95% CI) Model 2 (95% CI) Model 3 (95% CI) 

Gini 0.038 (0.033, 0.043)  0.025 (0.018, 0.032) 

SEI  -0.036 (-0.056, -0.017) 0.002 (-0.012, 0.017) 

Poverty rate   0.012 (0.000, 0.025) 

GPD per capita   0.000 (-0.004, 0.004) 

Unemployment   0.009 (-0.001, 0.020) 
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Population (log)   0.004 (-0.001, 0.011) 

 

 

It is important to highlight that segregation is among the biggest urban problems in the 

context of rapid urbanization in developing economies. Haddad (2020) states that 

urbanization and urban spatial structures affect poverty and generate inequalities in social 

and environmental fields, further contributing to the stratification of social groups. Spatial 

stratification of social groups accentuates inequalities in poorer countries and are an obstacle 

to the development of societies in the medium and long term (ECLAC, 2019). Understanding 

how social and urban changes affect population growth, income inequality, and segregation 

is essential for designing policies to protect the most vulnerable people and establish viable 

socioeconomic development conditions for everyone. 

 

4. Final remarks  

Discussing methods of measuring segregation is not a simple matter. Segregation 

quantifies how heterogeneous population groups are distributed in the urban space, 

providing an indicator of how far an income-minority group is from the city's average 

income. If we take as base small percentage of low-income minority groups or large spatial 

areas, the dissimilarity index can be affected by deviations from evenness and the indicator 

could be strongly biased. 

We present a comprehensive description of the segregation by income in the Brazilian 

cities selected by the SALURBAL project as the largest urban agglomerations in the country. 

According to Massey and Denton (1988), a highly centralized group, spatially concentrated, 

unevenly distributed, clustered, and minimally exposed to the majority group is said to be 

“residentially segregated”. 

To show which cut-off to define low-income household’s best deals with urban income 

segregation within large cities and the pattern of regional inequality, we use statistical 

analyses of correlation and distribution between the calculated IDI and the respective low-

income minority group. Statistics point out that the cut-off of households earning up to 2 

minimum wages yields an average proportion in the low-income minority group of 33.8% 

of households, seeming reasonable to work with this cut-off. Bias levels calculated on IDI 

using bootstrap methods were not relevant to the study since they did not change the 

regressions' estimates. 
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The fact that the Brazilian census tracts are built taking into account only technical criteria 

means that each sector's delimited area is spatially balanced, leading to each having 

approximately the same number of households. However, checking the bias for the indicator 

is important for the advancement of future research and constitutes a new statistical 

framework to be taken into account when dealing with other types of residential segregation. 

 As expected, inequality and the socioeconomic environment were strongly associated 

with segregation. Despite income gains in the first decade of the XXI century, economic 

growth in Brazil was not reflected in better income distribution (IBGE, 2017). We found that 

the SEI, based on education, access to water, sanitation, and housing conditions, was 

strongly associated with the IDI.  Therefore, improvements in social areas based on these 

elements were found to be relevant for reducing segregation. Notably, the challenges related 

to improving people's lives span a range of factors, and structural issues must be taken into 

account when dealing with segregation, poverty, and inequality. Long-term urban planning 

focused on equity is essential to mitigate the severe effects of these factors. 

Therefore, we highlight that the study of income residential segregation plays a 

significant role in understanding the social relationships within large cities. Future research 

should focus on other determinants, in addition to income. Understanding segregation 

patterns by gender, race, and education is essential for developing effective social and health 

policies that focus on the long term. Therefore, building a consolidated research agenda that 

can provide adequate scientific support to guide policies to reduce segregation is essential.  
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Appendix A. Results of the sensitivity analysis with the IDI corrected by bootstrap 

 

 Model 1 (95% CI) Model 2 (95% CI) Model 3 (95% CI) 

Gini 0.037 (0.031, 0.043)  0.026 (0.018, 0.033) 

SEI  -0.039 (-0.060, -0.019) 0.007 (-0.009, 0.024) 

Poverty rate   0.017 (0.003, 0.031) 

GPD per capita   0.000 (-0.005, 0.005) 

Unemployment   0.008 (-0.002, 0.020) 

Population (log)   0.000 (-0.005, 0.007) 

 

 

 


