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Abstract

Urban segregation has received an increasing attention indreidte to the negative
impacts that it causes on urban populations. Indices of urban sewnegea useful
instruments for understanding the problem as well as for setting uie pobties. The
usefulness of spatial segregation indices depends on their abilagcount for the
spatial arrangement of population and to show how segregation vaiss #ue city.
This paper proposes global spatial indices of segregation thateag®naction among
population groups at different scales. We also decompose the glolzasirndiobtain
local spatial indices of segregation, which enable visualisatiwh exploration of
segregation patterns. We propose the use of statistical testetmine the significance
of the indices. The proposed indices are illustrated using aniattdetaset and a case

study of socio-economic segregation in Sdo José dos Campos (SP, Brazil).
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1 Introduction

Urban segregation is a concept used to indicate the separatisebalifferent social
groups in an urban environment. It occurs in various degrees in argst ihodern
cities, including the developed and the developing world. Although tiaulation
between social groups can also occur by non-geographical means, thisqagpeers
the case where the concept of urban segregation is exptipalyal. Location is a key
issue in many situations of urban segregation. For example, aadigthnic ghettos are
a persistent feature of most large US cities (Massey asmtoD, 1987). In Latin
America, high-income families concentrate in areas that expamad the historical
centre into a single geographical direction, whereas the poarasies mostly settle in
the roughly equipped far peripheries (Sabatini et al., 2001, Torres arar&li2001).
In this paper, since we focus on spatially sensitive indicesbainusegregation, we use

‘urban segregation’ as a synonym for ‘spatial urban segregation’.

Urban segregation has different meanings and effects dependthg specific
form and structure of the metropolis, as well as the cultundlhastorical context. Its
categories include income, class, race, and ethnical spati@gaégn (Jargowsky,
1996, Reardon and O'Sullivan, 2004, Villaga, 2001, White, 1983, Wong, 1998a, Wong,
2005). Segregation causes negative impacts on the cities and liveis mihthleitants. It
imposes severe restrictions to certain population groups, such asniaé afebasic
infrastructure and public services, fewer job opportunities, intenseidprej and
discrimination, and higher exposure to violen&@everal studies point out that
disadvantaged urban populations would benefit from a more nonsegregatédtaist

of people in urban areas. These studies have increased the attertticstbeme and



demanded a more detailed understanding of urban segregation (£8060, Massey

and Denton, 1993, Rodriguez, 2001, Sabatini et al., 2001, Torres, 2004).

Because urban segregation is significant for public policy, akaethors have
proposed measures whose intent is to capture its different dimer{8els 1954,
Duncan and Duncan, 1955, Jakubs, 1981, Jargowsky, 1996, Massey and Denton, 1988,
Morgan, 1975, Reardon and O'Sullivan, 2004, Sakoda, 1981, Wong, 1993, Wong,
1998a, Wong, 2005). The earliest measures aimed at differentiationebhetwe
population groups (Bell, 1954, Duncan and Duncan, 1955). Following these measures, a
second generation of segregation indices was proposed to capture thgats@gr
between several groups (Jargowsky, 1996, Morgan, 1975, Sakoda, 1981). However
these indices were insensitive to the spatial arrangemepbmilation, a fact that
motivated the development of measures that are able to cdptuspdtial dimension of
segregation (Jakubs, 1981, Morgan, 1983, Morrill, 1991, Reardon and O'Sullivan, 2004,
White, 1983, Wong, 1993, Wong, 1998a, Wong, 2005). The most recent spatial indices
of segregation allow researchers to specify their own deimibout how population
groups interact across the spatial features considered in theian@&/ong, 1998a,

Reardon and O'Sullivan, 2004, Wong, 2005).

The mentioned measures are global and express the degree gasegrer the
city as a whole. Besides these measures, local indices haueals® developed and
used (Wong, 1996, Wong, 1998b, Wong, 2002, Wong, 2003). Local indices are able to
portray the degree of segregation in different areas of thawtycan be visualised as

‘maps of segregation’.

This paper proposes new global and local indices of segregationarthat

spatially sensitive. The global indices use Wong's idea of modetibegaction across



areal units by a weighted average (Wong, 2005). The paper introdobes gpatial
indices of dissimilarity, exposure, isolation and neighbourhood sortingpiidpmsed
indices allow the use of different concepts of neighbourhood and scakesalysis.
The paper introduces local indices that depict how the differemis avé the city
contribute to the result of the proposed global indices. By computingltwdendices,
it is possible to detect intra-urban patterns of segregationpdjper also addresses the
issue of interpreting the results of the presented indices, siecemagnitude of their

values changes according to the scale of analysis.

We illustrate our proposed methods with an artificial dataset &hcaviemporal
study of urban segregation in Sdo José dos Campos, a medium-sidedatéd in the
State of S&o Paulo, Brazil. The paper is an extended and dulsed version of an

earlier work by the authors (Feitosa et al., 2004).

2 Spatial segregation indices: a review of the literature

In this section, we provide a review of the literature on segoggdthe first generation

of segregation indices measured segregation between two population grighsded

the dissimilarity indexD (Duncan and Duncan, 1955) and the exposure/isolation index
(Bell, 1954). In the 1970s, segregation studies started to focus omnowdtiissues,
including the segregation among social classes or among WhatgksBhnd Hispanics.

To meet these needs, a second generation of segregation indicesop@segrby
generalizing versions of existing two-group measures (JargowSkR6, Morgan, 1975,
Reardon and Firebaugh, 2002, Sakoda, 1981). However, these measures ateensensi
to the spatial arrangement of population among areal units. ‘Biesaftaffairs leads to
what White (1983) describes as the ‘checkerboard problem’. Givenheakerboards,

the first all black on one half and all white on the other half, thrdsecond with an



alternation of black and white squares, an aspatial segregatesuraesuch as the

index (Duncan and Duncan, 1955) produces the same value in both cases.

To overcome the ‘checkerboard problem’, several studies proposed spatial
measures of segregation (Jakubs, 1981, Morgan, 1983, Morrill, 1991, Reardon and
O'Sullivan, 2004, White, 1983, Wong, 1993, Wong, 1998a). White (1983) developed
the index of spatial proximity SP, which calculates the weightedage of the distance
between members of the same group and between members of differgrg. glakubs
(1981) and Morgan (1983) developed a distance-based index of dissimitaity t

measures the distance that residents would have to move to achieve integration.

Following these distance-based measures, Morrill (1991) introduced another
spatial version of the dissimilarity index by including informatidoout tract contiguity.
The proposed index, calleD(adj), calculates Duncan’s dissimilarity indéx and
subtracts the group’s interaction across contiguous tracts fienoriginal indexD.
Wong (1993) proposed an improved version @fadj). He argued that spatial
interaction among groups depends also on geometric charactesfsties areal units,
such as their perimeter-area ratio and the length of the corbowndary between two

tracts.

Another approach for computing spatial measures of segregation allows
researchers to specify functions that define how population groupsadghtacross
spatial features (Wong, 1993, Wong, 1998a, Reardon and O'Sullivan, 2004). Wong
(1998) proposed a spatial version of the generalized dissimilarity gexdeveloped
by Sakoda (1981). In its original version, thém) index is a multigroup variant of the
dissimilarity index D. Wong replaced the population counts of the tracts in the

generalized dissimilarity indexd(m) by composite population countsvhich are



obtained by grouping individuals that interact across tract boundakesg (2005)

adopted the same concept to generate a spatial version of the dissimidzxdp i

Reardon and O’Sullivan (2004) developed several spatial indices andtsdgges
their use in a complementary manner in order to capture diffepatitl dimensions of
segregation. Their approach depicts segregation as a continuou® sarigpace and
relies on the use of individual residential locations instead @il aracts. However,
since individual data are seldom available, the authors suggest|sexthads for
estimating population densities from aggregated data, including kelewesity
estimation, Tobler’s pycnophylactic smoothing, and dasymetric mapRe®ydon and
O’Sullivan (2004) extend a set of traditional segregation measfyregplacing the

population counts of the tracts by geographically-weighted population densigsval

This paper builds on this earlier work to propose spatial indicesgoégsgion.
The proposed measures use the idea of composite population counts, whi¢h mode
interaction across boundaries by a weighted average (Wong, 1998a, Wong, 2005).
compute this weighted average, the paper proposes the use of aflwectieh. Based
on Reardon and O’Sullivan’s (2004) suggestions, this work introduces meé&sures
different spatial dimensions of segregation. The next section prodedags about the

concepts used for generating the new spatial indices.

3 Spatial segregation indices: concepts used in the paper

It is a consensus among researchers that urban segregatomigtidimensional
process, whose depiction requires different indices for each dimehsib®88, Massey
and Denton pointed out five dimensions of segregation: evenness, exposueenglust
centralization, and concentration (Massey and Denton, 1988). The dimemsiomess

concerns the differential distribution of population grougsposureinvolves the



potential contact between different grou@ustering refers to the degree to which
members of a certain group live disproportionately in contiguous aCeasalization
measures the degree to which a group is located near the oérare urban area.
Concentrationindicates the relative amount of physical space occupiecréiog to
the authors,evennessand exposureare aspatial dimensions of segregation, while
clustering centralization and concentrationare spatial since they need information

about location, shape and/or size of areal units.

By arguing that segregation has no aspatial dimension, Reardon amtivais
(2004) reviewed Massey and Denton’s work. According to these autherdifference
between the aspatial dimensienennessand the spatial dimensiatiustering is an
effect of data aggregation at different scales. The evennessedaiga certain scale of
aggregation (e.g., census tracts) is related to the clustezgrgeadat a lower level of
aggregation (e.g., blocks) (Reardon and O'Sullivan, 2004). Reardon and \@isulli
combined both concepts into thpatial evenness/clusterindimension, which refers to
the balance of the distribution of population groups. Centralization ane@rdoaion
were considered subcategories of the spatial evenness/clusieriagsion. Reardon
and O’Sullivan conceptualized the dimension exposure as explicitiyalsp@hey
proposed thespatial exposure/isolation dimensigrwhich refers to the chance of
having members from different groups (or the same group, if wadasnisolation)

living side-by-side (Reardon and O'Sullivan, 2004).

Our work relies on Reardon and O’Sullivan’s dimensions of segosgaind
builds spatial indices of segregation for each of them. Figureedepts a diagram

where Reardon and O’Sullivan’s dimensions are illustrated.
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Figure 1. Spatial dimensions of urban segregadapted from Reardon and O’Sullivan (2004).

Two further concepts used in this paper for building spatial indiceegregation are
the notions ofiocality andlocal population intensityOur hypothesis is that an urban
area has differentocalities which are places where people live and exchange
experiences with their neighbours. Measuring the intensity df suchanges is a key
issue for segregation studies. We consider that this intensitysvaccording to the

distance among the population groups, given a suitable definition of ‘distance’.

Eachlocality has a ‘core’. We consider that the concept of a ‘core’ on the
locality is justifiable on the context of urban studies. Divisionsaotity such as
boroughs are not arbitrary. They are a reflection of histoaiedleconomical divisions
within the city. The idea of a ‘core’ is to indicate that tkatcal part of a borough is the
place where its characteristics are more clearly distrom other parts of the city. In
this work, the core of a locality is represented by the gearaktentroid of an areal

unit. Thus, the study area has as many localities as areal dié population



characteristics of a locality are expressed bioital population intensityWe calculate
the local population intensity of a locality by using a kerneimegbr (Silverman,
1986) A kernel estimator is a function that can estimate the iriteasian attribute in
different points of the study area. To compute the local populatiensity of a locality
j, the kernel estimator is placed on the centroid of areaj anidl computes a weighted
average of population data. The weights are given by the choicalisfamce decay
function and a bandwidth parameter (see figure 2). Becausedesesacan choose the
function and the bandwidth of the kernel estimator, this approach provibtkesoa
flexibility to their studies. The model of interaction adoptechm $tudy must determine
the kernel function choice. Commonly used kernel functions include lipelgnomial,
Gaussian, and sigmoid (Schoélkopf and Smola, 2002). The bandwidth of the kernel i
chosen according to the geographical scale of the segregatiosisnklgally, several
bandwidths must be used to compute the indices in order to explorerdiestes of

segregation.
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Figure 2. Gaussian kernel estimator.

The concept ofocal population intensitgan be seen as a subtype of the notion
of composite population counfWong, 2005). The local population intensity is a
geographically-weighted population average that takes into accbentdistance

between groups. The associated segregation measures model orteraatcontinuous
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fashion. Groups located in a certain areal unit interact mote gvdups who live in

closer units than with groups in farther units.

It is useful to compare our idea lafcal population intensityto the notion of
population density of the local environmeptoposed by Reardon and O’Sullivan
(2004). Reardon and O’Sullivan’s measures use density values (populatiord diyide
area), obtained using individual counts or by estimation from aggcegiata. By
contrast, thelocal population intensityis a weighted average of populaticounts
There is an important difference when choosing between weigltautsc (intensity
values) or density (population divided by area) as a basis forunregsspatial
segregation. Weighted counts depend only on the spatial arrangemeatpopulation
of a certain group in a neighbourhood (distance between geometric denifareal
units). Weighted density values depend on the spatial arrangemsanéei between
cells) and on the areas of the spatial units (cells). Theo§ite spatial units thus has a
direct impact on density-based measures. When population dengtiestianated from
aggregated data, this effect is even stronger because suchtieasnueepend on the
geographical distribution of the areal units (polygons), and theitivelaize and
homogeneity (Martin et al., 2000). In addition, segregation measures tasensity
values are usually not bounded. By contrast, the spatial segregateahdrageighted
counts proposed in this paper will always be bounded from zero (0) tlpaad are

easier to interpret.
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4 Global spatial indices of urban segregation

This section describes our proposed indices for measuring urb@gatgn on a global

scale. Based on the notion of local population intensity, we propose four new indices:

(a) the generalized spatial dissimilarity ind®{(m , which is a measure of how the

population of each locality differs, on average, from the population conguosit
as a whole;
(b) the spatial exposure inddx*mvn) that measures the potential contact between the

population groupsn andn;

(c) the spatial isolation indexQ,, that measures the potential contact between

people belonging to the same population group; and

(d) the spatial neighbourhood sorting ind&i6l , which measures the population
disparities between different localities of the study area.

The generalized spatial dissimilarity inddx(m , the spatial exposure index
Pn » and the spatial isolation inde, are more suitable for studies using categorical
data, such as those focused on racial or ethnical segregation. Tiakreppghbourhood
sorting indexNSI is more suitable for socio-economic studies based on continuous data

such as income segregation.

All the spatial indices proposed in this paper require estimdtieglocal

population intensityof all the localitiesof the city. The local population intensity of a

localityj (L) expresses its population characteristics:
L= k(N,), (1)
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whereN; is the total population in areal ufpjtd is the total number of areal units in the
study area; andk is the kernel estimator which estimates the influence ah ageal
unit on the localityj. We can calculate the local population intensity of gnoup the
locality j (L;,,) by replacing the total population in areal ynil;) with the population

of groupmin areal unij (N;m) in equation (1):

ij = ‘ k(N]m) (2)

4.1 The generalized spatial dissimilarity index

The generalized spatial dissimilarity ind®(m is)a spatial version of the generalized
dissimilarity indexD(m) developed by Sakoda (1981). Thén) index is a measure of
how population proportions of each areal unit differs, on average, fropofhdation
composition of the whole study area. Our spatial version of the ajzeer dissimilarity
index considerdocalities instead of areal units. The index measures the average
difference of the population composition of thecalities from the population

composition of the urban area as a whole. Given a set of population gtheps

generalized spatial dissimilarity index D(m) captures the dimension

evenness/clustering. The formulaB{m is)

J M

D(m) = ot
(m= oifm

@)

where
M

= (¢, )a-¢,) and r =%. 4) (5)

jm
m=1

In equations (3) and (4 is the total population of the cityy; is the total

population in areal unit # is the proportion of groum in the city; £ is the local

13



proportion of groupm in localityj; J is the total number of areal units in the studyare

and M is the total number of population groups. In egua{(5), L,, is the local

population intensity of groum in localityj; and L, is the local population intensity of

locality j.

The indexD(m )varies from 0 to 1, where 0 stands for the minindegree of
evenness and 1 for the maximum degree. It is ilmporio recognize the difference
betweenD(m) and D(m). The aspatial dissimilarity index(m) uses the proportion of

groupn in the areal unif instead of the local proportioh,, of groupm in locality j

used inD(m ) Therefore, the aspatial indéx(m) does not measure the intensity of the
interaction across boundaries of areal gniBy contrast, the spatial indeR(m) is

sensitive to the local interaction. As an exampiensider a mixed multiracial
community where the census tracts have been dekitmée as homogeneous as
possible in terms ethnicity. In this case, the apadex might point out a high value
of dissimilarity, whereas the spatial index miglet significantly lower and reflect the

interaction between groups through the censusl@otdaries.

4.2 The spatial exposure and isolation indices

The spatial exposure inddé{:nyn) and the spatial isolation indeQ,, are spatial versions

of the exposure/isolation indices proposed by BE#54). These indices capture the

dimension exposure/isolation. Given two populatigroups in an urban area, we

proposethe spatial exposure index of group m to groupD(h’,(,), which measures the

average proportion of groupin thelocalities of each member of group:

14



. N, L
Li

(mn) = N,
whereNjy, is the population of groum in areal unif; Ny, is the population of groum in
the study regioni,, is the local population intensity of groagn localityj; and L; is
the local population intensity of locality

*

The index R, , expresses the potential contact between the tvpulation

groups, and ranges from 0 (minimum exposure) tombax(mum exposure). It is

important to point out the difference betweahyn) and its aspatial versioR_ .. The

(m,n) -
aspatial indexP(;,n) uses the proportion of groumpin the areal unif and cannot capture

the intensity of the interaction between neighbagiareal units. By contrast, the spatial

index P’

(m,n

) is sensitive to the interaction across areal boueslaEven if an areal unit

has a small internal proportion of gronpthe exposure indej%n) may still be high

depending on the proportion of individuals of graum its neighbours. For example, a
predominantly Black areal unit with a low propornio@f Hispanics inside may still
present a high exposure index between both gra@ipts neighbourhood is mainly
Hispanic.

Given one population group in an urban area, dpatial isolation index of

group m(Q,,) is a particular case of the exposure index tkptesses the exposure of

groupmto itself:

Q= 7)(

where L;, is the local population intensity of group in locality j and the other

equation parameters are as in equation (6). THatimo index measures the average

15



proportion of groupm in thelocalities of each member of the same group, and it varies
from O (minimum isolation) to 1 (maximum isolation)

The results of the exposure/isolation indices ddpmmthe overall composition

of the city. For example, the exposure index ofugnm to groupn (P(tn’n)) usually will

have higher values if the proportion of graum the city is high. In this case, it is more

likely that individuals from group interact with other groups. Because of this proper

*

the exposure index is asymmetric, in other WO%M is not the same a§ except

n,m)’

if the city has the same proportion of people bgiog to the groups andn.

4.3 The spatial neighbourhood sorting index

The spatial neighbourhood sorting indBI$I is a spatial version of the neighbourhood
sorting indexNSI (Jargowsky, 1996, Rodriguez, 2001), which is a avere-based
measure that captures the dimension evennessfatgsteThe neighbourhood sorting
index NSl has the advantage of considering the originatidigion of continuous data
and, therefore, it is suitable for socio-econon@gregation studies based on data such
as income. Considering a continuous variahléheNSlrelies on the fact that the total
variance ofX in the city is the sum of the between-area vagaand the intra-area

variance ofxX:

2 2

— 2
Stotal - Sintra +sbetween' ) (8

The NSl is the ratio of the between-area varianceXofs?,,..) to the total

2
total

variance ofX (s, )- It is possible to build a spatial version of th8lindex. The idea

of a spatiaNSl s to evaluate how much of the variance betweerdtfierentlocalities
contributes to the total variance of the variaklé\ greater contribution of the variance

betweerlocalities to theotal variance expresses a smaller chance of interaatimong

16



the different population groups and therefore aatge segregation between these
groups. The proposed spatial versionNSI (NSl ) represents the proportion of the

variance between the different localities’(,..) that contributes to the total variance of

X (sZ,) in the city:

s 26 ween
total
The variance oK between the different localities of the city is:
J
Li(xiz' XZ)
Sbetweenz = J ! (10)
Li
=1
where
J —
o GRS
X = 1z‘jmxm and ¥ =1:1J— : (11)(12)
m=. L

J
j=L

In equations (10) and (12),; is the local population intensity of localityJ is
the total number of areal units in the study argq; is the weighted average of

considering the local proportion of all groups fire tocalityj; and X is the weighted
average of)?i in the city. In equation (11}, is the local proportion of groum in

locality j; X,, is the value oK for groupm; andM is the number of groups in the city.

The total variance of in the city, considering the different localities,

M
2 —
S total t m ( X
m=1

- RX)2, 13

m

where ¢, is the proportion of groum in the city, considering the local population

intensity of all localities. Like the other indicegle NSI varies from O to 1: the value O

is the minimum degree of segregation, and the Valgpresents the maximum degree.

17



5 Local spatial indices of urban segregation

The measures introduced until nowD(m , B, ., Q, and NSI - represent global

indices, which summarize the segregation degreethef entire city. However,
segregation is a spatially variant process (Wo§22 a city may have areas with a
significant degree of segregation that global iadiare not able to capture. This issue is
especially important in large urban areas, whickehaomplex spatial patterns of
segregation. To detect the local variability of gfleenomenon, local indices have been
used in segregation studies (Wong, 1996, Wong, 4,9%8ng, 2002, Wong, 2003).
Regarding the traditional measures, the entropgrdity index (White, 1986) is able to
capture local aspects of segregation in its origioan. Wong (1996) generated local
measures by decomposing the dissimilarity inBeand its multi-group versioB(m).

In order to consider spatial parameters in locallymes, Wong (2002) modified the

entropy diversity index and proposed a set of apktcal indices.

This paper proposes new local indices of segregdtyodecomposing the global

indicesD(m), P(* and Q.. These local indices show how much each locality

m,n)
contributes to the global segregation measureaiya\We can display these indices as

maps and identify the most critical areas. Thenfda of the local version of the spatial

dissimilarity indexD(m ) which we refer asl ,(m), is:

d(m=

N.
m:12_NII‘[ jm” [m| J (14)

where the equation parameters are the same asati@u (3).

Similarly, the local version of the exposure indéxgroupm to groupn ( p’;(mvn))

18



. N, L
P =™ L (15)

L,

where the equation parameters are the same asati@u (6).
We calculate the local version of the isolationexdof groupm (qjm) by
replacing L, with the local population intensity of the groupin locality j (L,,).

Unlike the other indices, th&lSI does not allow the generation of local indicesrro

the approach presented in this section.
6 Validation of spatial indices of segregation

Although the proposed measures have an establiekading, it is hard to interpret the
magnitude of the values obtained from their comjputado they indicate a segregated
population distribution? This issue is inherent to all segregation measdraspatial or
spatial — since their values are quite sensitivii¢éoscale of the data. Indices computed
for smaller areal units tend to present higher eslthan indices computed for larger
areal units. This is called the ‘grid problem’ (Wi 1983). Since smaller areal units
usually present a more homogeneous distributios pitoblem is expected and has been
empirically observed in several studies (Wong, 199@ng, 2004, Sabatini et al., 2001,

Rodriguez, 2001).

In the case of spatial measures that allow reseescto specify their own
definition of neighbourhood, as the ones proposetthis paper, this scale variability is
also related to the bandwidth used in the compmnabf the measures. An index
computed with a small bandwidth will have highetues than one that is computed
with a large bandwidth. Since the indices calculater distinct bandwidths have

different ranges of magnitude, there is no fixe@shold that asserts whether the results

19



indicate a segregated situation. In order to pmwh insight in this direction, we
propose the use of a random permutation test (Ans&P95) for the measures
presented in this paper. By applying this testisijpossible to assess if the spatial
arrangement of the areal units in the study aremptes segregation among different

population groups.

In the permutation test, we randomly permute theufaiion data of areal units
to produce spatially random layouts with the samata és observed. For each random
layout, we calculate local population intensityued for all localities and compute the
segregation index. The spatial permutation of oebidata among the areal units
generates very different values of local populatiotensities and therefore different

values of segregation indices.

From the segregation indices computed for eachoraridyout, one can build an
empirical distribution of the index to which thegsegation index computed for the
original dataset will be compared. Figure 3 presethie example of an empirical
distribution of the dissimilarity indexXD(m puilt with 99 replications. The empirical
distribution (grey bars in figure 3) ranges froni3® to 0,169 while the value of the
index computed for the original data is 0,236 (klpoint). This shows that the original
population distribution of areal units represents arrangement with a higher

segregation level than randomly generated arrangesme
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Empirical Distribution of D(m)
Random Rermutation Test
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Dissimilarity Index D(m)

Figure 3. Example of an empirical distributionfm) obtained by a random permutation test with 99
replications.

One may argue that it is practically impossiblefitml an empirical example
where the same would not be observed, since thelgam distribution of real cities

will always be more segregated than a randomly igéee one. This may be true for the

dissimilarity D(m) or isolation indexQ,,, but the application of the test is particularly
interesting for the exposure indeFXn’n). It is feasible to find real examples where the

degree of exposure between two population groupeswsr, equal or higher than the

ones obtained by permuting the original values.

In practice, this test assumes no local populalistribution other than the ones
observed in the original areal units. Therefor@nily tests the null hypothesis that the
spatial arrangement of original population valdegs notproduce higher segregation

than other possibilities of spatial layouts buiitmthe same values.

One can verify the significance of the index by pomng its pseudo-
significance level (p-value). The p-value represehe probability of rejecting the null
hypothesis when it is true. The pseudo-significalesel (p-value) of a segregation

index is (Anselin, 2003):
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n+1
- value= : 16

P N +1 (16)
wheren is the number of statistics for the simulated skiis that are equal or greater

than the observed statistic, adds the total number of random permutations.

7 Spatial indices versus aspatial indices

In this section, we illustrate the difference begwdhe spatial indices proposed in the

paper O(m) R,,,. Q, and NSl ) and their aspatial versions. We use three aetific

datasets to show this difference, as well as tipdicgbility of random permutation tests

(see figure 4). These artificial datasets have d44l units with equal dimension (10m

x 10m) and four population groups with the samegprtion (0,25 of each group).

In each dataset, the distribution of populationugois different. Dataset A is a
case of extreme segregation, where each areahamijust individuals of one group and
the units characterized by the same group areeckaktIn dataset B, each areal unit has
also just individuals of one group, but the disitibn of these units is well-balanced.

Dataset C is a case of extreme integration, whah eareal unit has the same

population composition of the entire set.

YYFYYYYYYY
(AAdqq44444 [ Icrowp1
it
A
YYYYEYYYYY Group 3
M
AAAA A Groupt
| YYYYYYYYYYY
DATASET A DATASET B DATASET C

Figure 4 Artificial datasets.
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We calculated the aspatial indicB$m) andNSIand the spatial indiceB(m )

and NSI for each dataset (see table 1). We used Gaussiarelkestimators with

bandwidth of 10m and 30m for computing the spatiaices D(m) and NSI . To

calculate the averages and variances requir@tSirand NSI , we assigned a different
numerical value to each group (0 to 3). For dasaseaind B, we validated the spatial
indices by a random permutation test with 99 rgpicns. The same procedure was not
possible for the dataset C because all units Hazesdame data and random permutation

would not change the spatial arrangement.

Table 1. Comparison betwedn(m), D(m), NSI and NSI .

Generalized Dissimilarity IndicesD(m) and D(m)

Aspatial Gaussian kernel, Gaussian kernel,
bandwidth 10m bandwidth 30m
D(m) p-value D(m) p-value D(m) p-value
Dataset A 1 - 0.86 0.01 0.54 0.01
Dataset B 1 - 0.05 1 0.04 1
Dataset C 0 - 0 - 0 -
Neighbourhood Sorting IndicesNSI and NSI
Aspatial Gaussian kernel, Gaussian kernel,
bandwidth 10m bandwidth 30m
NSI p-value NS p-value NS p-value
Dataset A 1 - 0.82 0.01 0.39 0.01
Dataset B 1 - 0.007 1 0.001 1
Dataset C 0 - 0 - 0 -

As seen in table 1, although dataset A has a mumrie segregated distribution
than dataset B, thaspatial measurepoint out both datasets as examples of maximum
segregation(m) = 1 andNSI= 1). Such result illustrates the ‘checkerboambfEm’
if only individuals of the same group occupy theamunits, the result of aspatial indices
will be always extreme, regardless the spatialngement of the units. Because they
consider neighbourhood relations, thpatial indicesallow distinguishing between

dataset A and B. The spatial indices for dataskeaye high values which are significant
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(p-value = 0.0) and the spatial indices for dataset B have lowes which are
nonsignificant p-value = ).
To promote further insight into the problem of eting spatial segregation, we

have calculated thel (m Jocal index of dissimilarity for datasets A, B,daiC, as

shown in figure 5. The spatial variation af,(m 3gllows identifying the most

segregated areas. In dataset A, the most segregaitx are close to the borders,
whereas the most integrated units are in the cewtrere different groups are close to

one another.

Local Dussimilarity Indices ij(m) and cij.(m)

i, (m) d (m) d (m)

Aspatial Gaussian kernel, Gaussian kernel,

bandwidth 10m bandwidth 30m
Diataset & H ! BT Tre au’j(m);h

E .

D(rm)=1 B(m)=0386 D(m)=0.54 dylm) <
Datazet B dd,-(m) 5
D(m)=1 D(m)=003 D(m)=0.04 d,(m) <
Dataset C a?j(m) g
Dirm)=10 D(m)=0 D(m)=0 2, (m) <

Figure 5. Local dissimilarity index applied to atifecial dataset.
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The local spatial indices computed for datasets\é B present signs @&dge
effects Edge effects are a common feature of spatialyaisalof municipal data
(Wong, 2002). For segregation measures, the injeosthis effect is will depend of
the nature of the study area. In the uncommon catese the study area is not
physically surrounded by other settlements, théndrigsegregation values of areal
units located close to the border are expectedcahdrent. Because these areal units
have fewer neighbours than the others, the populatomposition of the localities
associated to them will be probably more homogesedhis fact justify why these
units present higher segregation values.

However, the situation mentioned above is not wisaially occurs in reality.
People who live close to the boundaries of a citgract with people who live in the
neighbouring city. In this case, the higher segiegavalues at the border are
unrealistic since they are a merely consequenctheflack of data beyond city
borders. We consider that the impact of these etfgets could only be minimized if
data for neighbouring cities would be availabléit is not possible, the analyst must

be aware that the segregation measures are mpgtig@iate for inner-city analysis.

Figure 5 also shows the result of using differeahdwidths for the kernel
estimators. As mentioned in section 6, larger badths produce lower indices of
segregation. The larger the bandwidth, the morddtaities assimilate the population
characteristics of a greater number of tracts. haedwidth of the spatial index is
therefore associated with the extent of the neighimod influence in the study area.
By using different bandwidths, the proposed indiagsk as an exploratory tool for

analysing segregation at different scales.
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Since segregation measures rely on the populatiopaosition of the areal units

(or localities) of a certain study area, the issue of scalenddmental in any empirical
analysis about the phenomenon and has been adtit®gseveral studies (Sabatini et
al., 2001, Sabatini, 2000, Torres, 2004, Rodrig@@fl, Wong, 2004). It is feasible
that different scales of segregation present diffetrends along the years. Segregation
can increase at a certain scale and decrease tiearane (Sabatini et al., 2001,
Sabatini, 2000, Rodriguez, 2001, Torres, 20045 fiossible that negative impacts of
segregation (e.g., violence or unemployment) arenger at a certain scale, while
segregation at other scales can be even assotigusitive aspects (Sabatini et al.,

2001, Sabatini, 2000).

There is no ‘right’ scale for analysing segregatidhe analyst should observe
the phenomenon at different scales by choosingréifit bandwidths for the segregation
indices. The segregation indices proposed in tipempallow the use of neighbourhood
functions in different scales. The next sectiorspris a case study that adopts different

bandwidths in the computation of the segregatioasuees.

8 A case study: Sao José dos Campos, Brazil

To illustrate the use of the proposed spatial iesliof segregation, we applied them to
an empirical example of socio-economic urban setieg in the city of Sdo José dos
Campos. The city had 532,711 inhabitants in thé2@hsus, and is located in the State
of Sdo Paulo, Brazil. Sdo José dos Campos is awtityrecent industrialization and is
host to most of the Brazilian aerospace sector. cltyealso has car manufacturers, an
oil refinery, and other traditional industries. SEasé dos Campos has the ninth highest
GDP among Brazilian cities, and a per capita GDRI8$ 10,715, nearly three times

higher than the country’s average. Nevertheless,ctty also has a large quantity of

26



poor and excluded classes. Because most of tharjahs industrial sector need skilled
labour, there is a sizable portion of the popufatibat is excluded from the city’'s
economic wealth (Genovez et al., 2003).

Since the 1950’s, Sdo José dos Campos presentadjeascale segregation
pattern known as ‘Centre-Periphery’ (Caldeira, 2000rres et al., 2002). In other
words, the city was characterised by a strong eshtbetween the rich central area,
legalized and well equipped, and the poor outskinscarious and usually illegitimate.

However, economical and social changes that oedurr the 1980s introduced
changes in the dichotomous segregation patterrhtgprevailed until then. The main
feature of this changing was the proliferation gated communities” for medium and
high-income families in different areas of the citycluding poor neighbourhoods. This
phenomenon has been well documented in the literaabout segregation in Latin
American cities (Caldeira, 2000, Sabatini et 2002, Villaca, 1998) and is related to a
decrease in the scale of segregati¢®abatini et al., 2001). The growing fafelasin
most part of the cities, including the wealthy cahtrea, is another process that has
also promoted the decrease in the scale of segragat

Villaga (1998) asserts that despite the spreadihgated communities and
favelas- processes that establish smaller distances authiffegent social groups - it is
important to observe the city in relation to mscrosegregationThe process of self-
segregation of medium and high-income groups falacertain direction of territorial
expansion starting from the central area of thg. ¢it addition, cities still attract new

contingents of poor families that locate in farasreof the cities and establish large

! In this context, the term “scale” refers to theelewof detail in the analysis, and not to the camwpbic
meaning of the wordIn this context, the term “scale” refers to thegdeof detail in the analysis, and not

to the cartographic meaning. Thus, an increasdd swe@ans a greater level of detail in the data”.
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homogeneous settlements. It is possible to obsbese both trends in Sdo José dos
Campos, which are related toiacrease in the scale of segregation

By this brief review, it is possible to note thiaétsegregation pattern of Sdo José
dos Campos, as well other Latin American cities, b@acome more complex and ruled
by antagonistic forces that deal with differentlssaf segregation. This complexity has
operational consequences and points out the impmtaf measuring segregation in
different scales. This study case shows the paieoitithe proposed measures by using
kernel estimators with several different bandwidthsompute the indices.

Because the most important aspects to portray gatpe in Sdo José dos
Campos are socio-economic, we selected the a#sbtiamily head income’ and
‘family head education’ to represent the socio-eroic status of families. The
Brazilian Census provides these variables in aidify built intervals of income and
years of study rather than the values for indiviglifaee table 2). This fact represents a

limitation for the use of these variables, sincgytare not truly categorical (suitable for

the indicesD(m ) R, and Q) and also not truly continuous (suitable for theeix

NSI ). However, this drawback is an outcome of realllehges concerning Brazilian

Census data: income and education are not provédedontinuous variables and
socioeconomic categorical variables, such as odupare only collected by sample.
Because this is a common problem to which manyarekers have to deal, we decided
to use the available variables and demonstrate tbogxtract meaningful segregation

analyses from them.
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Table 2. Groups of population considered in thdymes.

Family head income - Groups Family head educati@noups
No income. - 0O orlessthan 1 year of schooling.
Income inferior than 2 minimum wages - 1to 3 years of schooling.

Income between 2 and 5 minimum wages. - 4 to 7 years of schooling.
Income between 5 and 10 minimum - 810 10 years of schooling
wages. - 11 to 14 years of schooling.
Income between 10 and 20 minimum - 15 years of schooling or more.
wages.

Income greater than 20 minimum wages.

"Minimum wage is the lowest level of work compensatsecured by law. The Brazilian minimum wage wR$C
17.000 per month (U$ 50) in 1991 and R$ 151,00hpanth (U$ 85) in 2000.

The data about family head income and educationdeased from the 1991
and 2000 Census. The Census records the numbamdy fheads in each of the groups
presented in table 2. Figure 6 shows the compasdfgopulation groups in Sdo José
dos Campos during the years 1991 and 2000 accotdinige variables family head
income and education. The graphics of figure 6 aksvéhat an improvement in socio-

economic indicators, mainly education, has occudwthg the period 1991-2000.

Figure 6. Population composition according to tagables family head income and education (1991 and
2000).

Figure 7 shows summary maps of the income distdhunh the years 1991 and
2000. The maps presented in figure 7 depict cliggasssof a ‘Centre-Periphery’ pattern
in 1991, where higher-income groups are close ¢octntre, lower-income groups are
located in far peripheries, and groups with incdmeéwveen 2 and 10 minimum wages
are in intermediary areas. The 2000 map shows ra cmmplex segregation pattern.

The high-income families have expanded from thdreetowards the western part of
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the city. The education of family heads has a lamspatial distribution to the one

presented in figure 7.

Figure 7. Predominance of income groups in Sao dosé€ampos, 1991 and 2000.

The variables ‘family head income’ and ‘educati@ané aggregated by Census
tracts, whose boundaries change over time. To crertpa results for 1991 and 2000,
we produced a single partition of space that cossimoth geometries. The resulting
data comprised 421 areal units. Small polygonsesprt areas with a high density of
families, while large polygons comprise areas Wotlier population density.

Table 3 presents the indices of socio-economicegggion of Sdo José dos

Campos in the years 1991 and 2000. To computeNf®¢ index (neighbourhood
sorting), it was necessary to estimate the variafidbe chosen variables, which is not
available in tract-level census data. We adoptetiedhod proposed by Jargowsky

(1996), which is based on assumptions about thtehldison of the heads of families.
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After several tests, the author has assumed lidistnibutions for lower intervals and

Pareto distributions for the intervals above themef the attribute in the city.

Table 3. Indices computed for Sdo José dos Cangtas d

Dimension Spatial Evenness/Clustering:

Symbol Spatial segregation index
D(m) Generalized spatial dissimilarity index (for incoared education).
NSI Spatial neighbourhood sorting index (for income addcation).

Dimension Spatial Exposure/lsolation:

Symbol Spatial segregation index

Q. Spatial isolation index of family heads witicome greater than 20 MW

Qs Spatial isolation index of family heads with years of schooling or more.

Q Spatial isolation index of family heads witlo income

P20 Spatial exposure index of family heads withincomedo family heads withncome greater

than 20 minimum wagéMw).

Gaussian kernel estimators with eight different dvadths (from 200m to
4400m) were used to define tloealitiesand compute thelocal population intensity
The aspatial versions of the indices were also cdetp To calculate the pseudo-
significance level of the spatial indices, we proglll 99 random datasets (same

attributes, different locations) and calculated itidices in each case. Figures 8 and 9
present the results of segregation indices fodthmension evenness/clusterinB(m )
and NSI ). The graphics present indices computed for incanteeducation indicators
and with different bandwidths. They also show t&uits of the aspatial indicd(m)

and NSI.

Figure 8. Evenness/clustering segregation indicethe variabldamily head incoman the years 1991
and 2000: Generalized Spatial Dissimilarity Indgx(fn)) and Spatial Neighbourhood Sorting Index

(NSI).
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Figure 9. Evenness/clustering segregation indicethe variabldamily head educatiom the years
1991 and 2000: Generalized Spatial Dissimilariyeix (D(m)) and Spatial Neighbourhood Sorting

Index (NSI ).
Although the indiceD(m )ynd NSI are different in nature, both show similar

results. The indices for the variable income (feg@) indicate an intensification of
segregation in the period 1991-2000 at all scalesalysis. The application of random
permutation tests demonstrates that all spatiat@sdof evenness/clustering dimension
are statistically significant at the 99% level @we = 0.01). These tests showed that
even low values of indices, like the ones calcdatvath larger bandwidths, are
significant.

The evenness/clustering indices computed for edurcaffigure 9) show
different results when compared to the indices aaegb for income. Segregation in
education for the period 1991-2000 presents diffeteends according to the scale of
analysis. Indices computed with smaller bandwid#iowed a lower degree of
segregation in 2000 than in 1991. Indices computi¢hl larger bandwidths indicate an
increase in segregation during the period. Thelrésuelated to the improvement of
education indicators that occurred in the perio®1t2000. The improvement in
education levels has not yet resulted in a cormedipg gain in income. Thus, many
heads of family with higher levels of education nioxe in neighbourhoods that are also

occupied by groups with lower levels of education.
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Additional insight into segregation patterns is ded by computing local

indices that are suitable for visualization as nifjps show the degree of segregation in

different parts of the city. We computed the lodasimilarity index d;(m ) for the

1991 and 2000 data sets. Figure 10 presents timgetraap of the local inded; (m )

computed for a local scale (bandwidth of 400m) tfee variable education of family
heads. The maps show that segregation increagbe ioutskirts of the city, mainly in
the western and southern regions. Segregation aEgen dense areas of the city, such
as downtown. By these results, it is possible wedsthat the increasing diversity of

these dense areas are responsible for the de@eafsgegregation pointed out by the
global indices D(m ) computed for lower scales. This example demorestrdahe

importance of analysing segregation using globdllanal indices in a complementary

manner.

Figure 10. Change map 1991-2000: local dissimjlanitiex, bandwidth of 400 m, computed for the
variable education of family heads
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Figure 11 presents maps of the local indgxm cojnputed for a larger scale

(bandwidth of 3200m), considering the variable edionr of family heads. In these
maps, we identifymacrosegregatiorpatterns in the city, which means, groups of
neighbourhoods where social groups are clusteréld¢s, 1998). Peripheral clusters of
low-education family heads in the northern, eastemth southern region are encircled in
grey in figure 11. These clusters have differergesy of occupation. The southern
cluster has social housing built by the City. Thestern cluster contains several
settlements, mainly illegal and characterized Hftmnstructed housing. The northern
cluster corresponds to an area with sparse ocaup®aiith rural characteristics. Figure
11 also shows a cluster encircled in black thapresdominantly occupied by high-
education family heads. The maps show a remarkatiease in the segregation of this
high-income clustering in the period 1991-2000. Tdwal segregation indices maps are
susceptible to edge effects, which are more intengd the increasing in the

bandwidths.

Figure 11 Local dissimilarity index maps (1991 and 2000), dwsidth of 3200m, computed for the
variable education of family heads.
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Figure 12 presents the aspatial isolation ind€x)(and the spatial isolation

indices @Q,) for the highest income and education groups, cdetp for several
bandwidths. The indices were computed for familgdsewithincome greater than 20

MW (Q.,, and Q.,,) and family heads witl5 years of schooling or moi&),,. and

Q.;5). Because the results of isolation indices vargoeding to the proportion of

population groups in the city, we also provide thisrmation ().

Figure 12. Isolation indices for the highest inccane education groups: family heads witbome

greater than 20 MWQ,,, and Q,,,) and family heads witth5 years of schooling or mo(@>15 and
Q>15)-

The indices computed for family heads with the bgghincome and education
levels @Q.,, andQ.;;) present much higher values than the proportiothefgroup in
the city. This feature was particularly evidenthie variable income. In 2000, the value
of the isolation index of high-income family hegd3.,,) computed with a bandwidth

of 400m was 0.28, while the proportion of this graa the city was only 0.07. The
average proportion of the highest-income groughanlocalities where the members of
this same group live is four times higher than giheups’ proportion in the city as a
whole. The increase in the isolation indices o$ tiMioup during the period 1991-2000
was much greater than the variability of its prdpor. These results lead to the
assumption that high-income family heads had aifstggnt role in the increment of

segregation in Sao José dos Campos.
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Figure 13 shows the maps of the local isolatioricesl of family heads with
income greater than 20 MW during the years 1991280 (bandwidth of 400m). The
figure confirms an increase in the local isolatiodices of high-income family heads in
the western region (encircled in black). This reswiggests that the increase in the
isolation of this region was the main promoter led increment of the global isolation

index (from 0.20 in 1991 to 0.28 in 2000, considgrihe bandwidth of 400m).

Figure 13. Local isolation index maps - family headth income greater than 20 minimum wages (1991
and 2000), bandwidth of 400m.

To provide a comparison between spatial and asgpatimes of segregation, we
calculated local isolation and exposure indicedviar different low-income areas of the
city. The first area is &avelalocated in downtown and surrounded by medium- and
high- income areas. The second area is settlemiémtsacial housing promoted by the
State and located in a poor homogeneous regiomeatpéeriphery of the city. We

decomposed aspatial segregation indices to oltaad Indices and computed them to
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both low-income areas. We also computed spatiabllandices with different

bandwidths.

Figure 14 shows the results of the local indicesbfath low-income areas. The
left side presents isolation indices of family heaslith no income The right side
presents exposure indices of family heads wiahincometo family heads withncome
greater than 20 MW According to the aspatial indices, both areasemt similar
degrees of segregation. By contrast, the spatihtes point out that the settlement in
the periphery (area 2) is much more segregated tthefavela located in downtown
(area 1). The local isolation index of family headth no incomefor area 2 shows a
much smaller decrease with larger bandwidths tin@nseme index for area 1. This
happens because the neighbouring units of area thedium- and high-income groups.
The opposite occurs with area 2 because the immeede&ighbourhood of this area is
made of low-income groups. This example illustrdiew the “checkerboard problem”

can appear in a real-world situation.

The right side of figure 14 shows the exposure xndetween the groups with
opposite income levels. The aspatial indices atmletp zero because both areas have
no high-income family heads. However, both area® hary different spatial exposure
indices. Area 1 presents very high levels of expmswhile area 2 presents very low
levels of exposure. The exposure indices of areanl® become higher for large
bandwidths. Areas 1 and 2 have similar exposurecesd when considered the
bandwidth of 4400. At such large scale, the neighboods of both areas are almost

equally diverse.
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Figure 14. Spatial and aspatial local indicesaaf bbw-income areas: isolation indices of familyatle
with no income { 0), and exposure indices of family heads with no medo family heads with income

greater than 20 MW { ).

(0>20)

9 Conclusions

Urban segregation indices are useful tools for tstdading the patterns and trends of
segregation. This paper presents spatially seasitidices of urban segregation. We
extend earlier work by proposing global measuras ¢bnsider the spatial arrangement
of the areas in the city. The proposed indicesuwraghteraction between social groups
across boundaries of areal units, by using thesiagdocality andlocal population
intensity Interaction across boundaries is computed by mnekeestimator. The
flexibility provided by the choice of the parametesf the kernel estimator allows
analysis on different scales, an issue that isquéatly important in studies of urban
segregation. Because the proposed approach isajemer can use it for extending

other aspatial indices.

In addition, this paper presents local indices @fregation, which show the
intensity of segregation in different localities tfe city. The local indices can be
displayed as maps that allow visualisation of sgafien patterns. This paper also
recommends the use of a permutation test for thtsstal validation of the indices.

Although this test does not support statements tatimi intensity of segregation, it
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provides a way for verifying if a certain populatidistribution is segregated or not. It is
also possible to apply permutation tests to logdices and identify which areas inside

the city present significant levels of segregation.

With the purpose of evaluating the proposed indiges applied them on an
artificial dataset and on a real case study in B&@ dos Campos. The study using the
artificial dataset showed the limitations of thepatsal indices compared to spatially
sensitive ones. The S&o José dos Campos casesbimagd that local indices are useful
for exploratory data analysis and visualisation.e Tiexibility provided by kernel
estimators was also demonstrated. By using diffebamdwidths, we could reveal
patterns of segregation on different scales. Tlagiapndices can also allow other types
of analyses if we use more complex kernel estinsagarch as estimators that are able to

consider transport networks or obstacles.
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