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Abstract

In recent years, there has been increasing attention focused on the spatial

dimensions of residential segregation—from the spatial arrangement of seg-

regated neighborhoods to the geographic scale or relative size of segregated

areas. However, the methods used to measure segregation do not incorporate

features of the built environment, such as the road connectivity between loca-

tions or the physical barriers that divide groups. This paper introduces the

spatial proximity and connectivity (SPC) method for measuring and analyz-

ing segregation. The method addresses the limitations of current approaches

by taking into account how the physical structure of the built environment

affects the proximity and connectivity of locations. I describe the method and

its application for studying segregation and spatial inequality more broadly,

and I demonstrate one such application—analyzing the impact of physical

barriers on residential segregation—with a stylized example and an empiri-

cal analysis of racial segregation in Pittsburgh, Pennsylvania. The SPC

method contributes to scholarship on residential segregation by capturing

the effect of an important yet understudied mechanism of segregation—the

connectivity, or physical barriers, between locations—on the level and
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spatial pattern of segregation, and it enables further consideration of the role

of the built environment in segregation processes.
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1. INTRODUCTION

Over the past century, scholars have generated a cumulative body of

knowledge on the prevalence, causes, and consequences of residential

segregation, and they have established segregation as a key mechanism

of social stratification (for a review, see Charles 2003; see also Bruch

2014; Logan 2013; Massey 2016; Massey and Denton 1993; Quillian

2012; Sampson and Sharkey 2008). In recent years, there has been

increasing recognition that popular summary indexes of segregation,

such as the dissimilarity index, allow researchers to describe certain

characteristics of residential segregation but fail to capture differences

in the spatial organization of segregation patterns, such as the spatial

arrangement of segregated neighborhoods and the geographic scale or

relative size of segregated areas (Brown and Chung 2006; Morrill 1991;

Reardon and O’Sullivan 2004; White 1983). Consequently, more atten-

tion has been paid to the spatial dimensions of residential segregation,

with newly developed methods and an increasing number of studies on

the topic (e.g., Bischoff 2008; Chodrow 2017; Crowder and South

2008; Farrell 2008; Fischer 2008; Fischer et al. 2004; Folch and Rey

2016; Fowler 2015; Grannis 1998; Grigoryeva and Ruef 2015; Lee

et al. 2008; Lichter, Parisi, and Taquino 2015; Logan 2017; O’Sullivan

and Wong 2007; Reardon and Bischoff 2011; Reardon et al. 2009;

Spielman and Logan 2013; Xu, Logan, and Short 2014).

Although these developments have undoubtedly advanced our under-

standing of segregation, the newly developed methods do not incorpo-

rate features of the built environment—including the physical barriers

that divide cities and reduce connectivity between nearby areas—into

the measurement of segregation. Physical barriers such as highways and

railroad tracks influence residential sorting processes by providing clear

divisions between areas and yielding agreement among residents, real

estate agents, and other institutional actors about where one neighbor-

hood ends and another begins (Ananat 2011; Bader and Krysan 2015).

They ease the categorization of areas in the housing search process
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(Bader and Krysan 2015; Krysan and Bader 2009) and purport to offer

“protection” from residents on the other side of a boundary (Atkinson

and Flint 2004; Blakely and Snyder 1997; Low 2001; Schindler 2015).

As a result, the presence of these barriers can create distinct social con-

ditions and experiences for individuals on different sides of them, as

exemplified by the common metaphor “the other side of the tracks.”

Spatial features such as streets or landmarks can carry symbolic

meaning as a border between residents of different groups (Kramer

2017) and structure residential preferences and discrimination (Besbris

et al. 2015). However, these features are still fluid and negotiable and

offer the possibility for integration (Anderson 1990; Hunter 1974;

Hwang 2016; Suttles 1972). In contrast, physical barriers are strong and

persistent forms of boundaries that limit physical connectivity between

areas and require institutional action, such as urban planning and infra-

structure investment, to dismantle (Jackson 1985; Mohl 2002; Schindler

2015). Moreover, some physical barriers were originally constructed

with an intention to racially segregate nearby populations (Mohl 2002;

Schindler 2015; Sugrue 2005)—a notable example being the selection

of routes for interstate highways built during the 1950s and 1960s in cit-

ies such as Chicago and Atlanta (Mohl 2002).

This paper introduces a new method for measuring and analyzing

segregation: the spatial proximity and connectivity (SPC) method. The

method addresses the limitations of current approaches by integrating

features of the built environment into the measurement of segregation

and analyzing the level and spatial pattern of segregation revealed by

such measures. My proposed approach contributes to the scholarship on

residential segregation by capturing the effect of an important yet under-

studied mechanism of segregation—the connectivity, or physical bar-

riers, between locations—and it enables further consideration of the role

of the built environment in segregation processes.

Section 2 reviews current spatial approaches for measuring residen-

tial segregation and discusses their limitations. Section 3 introduces the

SPC method and describes each of its six steps. Section 4 outlines a

wide range of applications relevant to studying segregation and spatial

inequality more broadly. Section 4.1 demonstrates one such

application—measuring the impact of physical barriers on residential

segregation—using a stylized example and an empirical case. Section

4.1.1 examines a stylized city with a north-south pattern of segregation

similar to the patterns of white-black segregation in St. Louis or
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Cleveland. I introduce various physical barriers into the city and com-

pare how segregation changes when each type of barrier is present.

Section 4.1.2 examines patterns of racial segregation in Pittsburgh. I

compare segregation measures that do and do not take into account the

road connectivity between locations, and I evaluate the extent to which

physical barriers facilitate greater separation between groups and are

associated with higher levels of local and citywide segregation. Section

5 summarizes the contribution of the SPC method and discusses possi-

ble applications and extensions of the method for future research.

2. MEASURING RESIDENTIAL SEGREGATION

Scholars have engaged in a longstanding debate about how best to mea-

sure residential segregation (for a brief history, see Reardon and

Firebaugh 2002). The dissimilarity index came into widespread use in

the mid–twentieth century and remains the most popular measure of

segregation. Although summary indexes such as this one allow research-

ers to describe distributional characteristics of residential segregation

(Massey and Denton 1988), they are “aspatial”—they do not integrate

the fundamentally spatial concepts of proximity and geographic scale

into the measurement of segregation. Spatial proximity concerns the

location of areas relative to one another, such as how neighborhoods are

spatially arranged in a city. Geographic scale concerns the relative size

of segregated clusters or geographic extent of segregation patterns.

The shortcomings of aspatial approaches are summarized by two

well-documented methodological problems: the checkerboard problem

and the modifiable areal unit problem (MAUP). The checkerboard prob-

lem (Duncan and Duncan 1955; Taeuber and Taeuber 1965; White

1983) describes the failure of aspatial approaches to account for the

arrangement or relative position of spatial units. If we imagine the

squares on a checkerboard to be neighborhoods with a given composi-

tion, there are many possible ways the neighborhoods can be arranged

to create different spatial patterns of segregation. But, if we do not take

into account where they are located relative to one another, any arrange-

ment of the neighborhoods would result in the same segregation score.

The MAUP occurs when the composition of spatial units is affected by

changes to the boundaries, number, or size of the spatial units

(Fotheringham and Wong 1991; Openshaw 1984; Openshaw and Taylor

1979). This is problematic if the spatial units are defined by arbitrary
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boundaries rather than being socially meaningful entities (Bischoff

2008; Reardon and O’Sullivan 2004; Xu et al. 2014).

Several spatial approaches for measuring segregation have addressed

these concerns, which I organize into three types of strategies: (1) com-

paring nested levels of geography, (2) identifying spatial neighbors, and

(3) constructing egocentric neighborhoods. In the remainder of this sec-

tion, I briefly describe each of these strategies and summarize the prob-

lems that they solve and those that remain.

2.1. Comparing Nested Levels of Geography

First, a popular strategy for addressing the checkerboard problem is to

analyze the geographic scale of segregation patterns by comparing seg-

regation within or between nested levels of geography. Studies have

measured segregation for increasingly large units of geography, such as

census tracts nested in municipalities within a metropolitan area, and

compared the segregation occurring at each level. For example, Massey,

Rothwell, and Domina (2009) measure segregation with the dissimilar-

ity index and find that declines in black-white segregation have occurred

primarily at the tract level, with very little change in the segregation

level of cities, counties, or states since 1970. However, using this

approach, we cannot compare how much the segregation for each level

of geography contributes to the overall level of segregation in the

region.

Another approach is to use a measure that allows us to decompose

the overall segregation in a region into the segregation occurring within

and between places in the region and then compare the contribution of

micro (i.e., within each place) and macro (i.e., between places) segrega-

tion components with overall segregation. Several recent studies have

used Theil’s entropy index for decompositions within and between the

cities and suburbs of U.S. metropolitan areas (Farrell 2008; Fischer

2008; Fischer et al. 2004; Fowler, Lee, and Matthews 2016; Lichter et

al. 2015; Parisi, Lichter, and Taquino 2011). Although Theil’s entropy

index is a measure of diversity, not segregation—it compares the diver-

sity of smaller spatial units relative to the larger aggregate area rather

than comparing their compositions1—this approach could be adapted to

use a decomposable measure of segregation, such as the divergence

index (Roberto 2016).2 A decomposition approach allows us to compare

the contributions of each level of geography with overall segregation
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(or diversity); however, it does not account for differences in the spatial

arrangement of geographic units within each level.

2.2. Identifying Spatial Neighbors

A second strategy for addressing the checkerboard problem is to inte-

grate information about the relative proximity of neighborhoods (e.g.,

census tracts) when measuring segregation. This is typically done in

one of two ways: either by identifying adjacent neighborhoods (i.e.,

immediate neighbors that share a boundary, neighborhoods that have a

common neighbor, etc.) or calculating the geographic distance between

the center point of each pair of neighborhoods. Several spatial indexes

have been developed to accommodate information about proximity

when measuring segregation (for a review, see Reardon and O’Sullivan

2004). They typically use a proximity function to incorporate the popu-

lation of nearby areas into each neighborhood’s population composition,

with a weight that determines the relative contribution of distant versus

nearby areas. For example, a uniform (or rectangular) proximity func-

tion gives equal weight to distant and nearby areas as long as they are

within a given distance band (e.g., Jargowsky and Kim 2005; Wu and

Sui 2001), or a distance-decay function can be used to weight nearby

areas more heavily than distant areas, with the rate of decay intended to

represent the influence of distance on social interaction patterns (White

1983). Although this strategy accounts for the spatial arrangement of

neighborhoods, it still relies on census units, such as tracts, which vary

in geographic size and population density across the country.

2.3. Constructing Egocentric Neighborhoods

In contrast to conventional approaches that use census tracts to measure

segregation, a third strategy uses “egocentric neighborhoods” to mea-

sure segregation and addresses both the checkerboard problem and

MAUP. For example, Reardon and colleagues (Lee et al. 2008; Reardon

et al. 2008, 2009) superimpose a grid with 50 by 50 meter cells over the

census blocks of a metropolitan area and estimate the population in each

cell.3 They then measure the shortest straight line distance between the

center points of all pairs of cells and use these distances to construct

local environments, or “egocentric neighborhoods,” around each of the

cells. The local environment of each cell includes nearby cells within a
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particular distance, and they systematically vary the distance using radii

of .5, 1, 2, and 4 km (.3, .6, 1.2, and 2.5 miles). They use a proximity

function that weights the share of the population of nearby cells that will

be included in a cell’s local environment.4 They measure segregation

separately for local environments constructed with each radius and com-

pare changes in the level of segregation as the radius increases.

By dispensing with census tracts in favor of egocentric neighbor-

hoods of various sizes, this approach is able to distinguish between the

geographic scale and methodological scale of segregation—between

the scale at which segregation is experienced in social environments

and the level of aggregation in the data (Reardon et al. 2008). Although

this is a large step forward for spatial segregation measurement, a nota-

ble limitation remains: The method does not integrate features of the

built environment into the measurement of distance. Specifically, by

using the straight line distance between grid cells to measure proximity,

the approach ignores the physical barriers that divide urban space and

the connectivity provided by roads. It is therefore unable to detect any

difference in segregation whether nearby areas are separated by a physi-

cal barrier, such as a fence, railroad tracks, or dead-end streets, or if

they are well connected by roads.

3. THE SPATIAL PROXIMITY AND CONNECTIVITY
METHOD

I propose a new method for measuring and analyzing segregation: the spa-

tial proximity and connectivity method (SPC). Consistent with recent

advancements in segregation measurement, SPC addresses the checker-

board problem and MAUP by measuring spatial proximity and comparing

segregation at multiple geographic scales.5 However, the SPC method also

addresses the limitations of previous approaches by using a realistic mea-

sure of distance that integrates information about the built environment.

Existing methods that use distance to measure spatial proximity rely

on straight line distance—the shortest distance from Point A to Point

B—without considering that spatial areas are often connected not by

straight lines but rather by a road network. In contrast, SPC measures

the shortest distance between all residential locations along a city’s road

network, which reflects the connectivity between locations and the

separation imposed by physical barriers. This is an important feature of

SPC because two residential areas may be spatially proximate to each
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other but not well connected by roads (Neal 2012). For example, in a

study of racial settlement patterns in Los Angeles and San Francisco,

Grannis (1998) found that connectivity along small residential streets

was more important than mere proximity in predicting racial segrega-

tion patterns.

Physical barriers have also been used as mechanisms to reinforce or

exacerbate segregation by facilitating greater separation between ethno-

racial groups in nearby areas. For example, Jackson (1985) describes

adjacent black and white neighborhoods in the vicinity of Eight Mile

Road in Detroit in the late 1930s. None of the white families could get

Federal Housing Administration (FHA) mortgages “because of the prox-

imity of an ‘inharmonious’ racial group” (Jackson 1985:209). After a

developer built a concrete wall between the neighborhoods in 1941,

FHA approved mortgages for properties in the white neighborhood. The

SPC method contributes to the scholarship on residential segregation by

capturing the effect of this additional mechanism of segregation—the

connectivity, or physical barriers, between locations—on the level and

pattern of segregation.

Sections 3.1 to 3.6 describe each step of the SPC method. Using road

distance to measure the proximity and connectivity between locations

requires six steps: (1) linking the geographic data for blocks and roads,

(2) estimating the population count and composition at locations on the

road network, (3) calculating the distance of the shortest path between

all locations, (4) constructing local environments around each location,

(5) calculating proximity weights, and (6) measuring segregation.

For each of these steps, I use R software (R Core Team 2014) and

add-on packages designed for working with spatial data (Bivand, Keitt,

and Rowlingson 2017; Bivand and Rundel 2017; Neuwirth 2014;

Pebesma and Bivand 2005), networks (Csardi and Nepusz 2006), and

large matrices (Kane, Emerson, and Weston 2013; Revolution Analytics

and Weston 2014). Although my explanation focuses on using the SPC

approach to study residential segregation in cities, the method is appli-

cable to any area of interest (e.g., school districts, metropolitan areas,

and states), including rural areas.

3.1. Step 1: Linking the Geographic Data

SPC uses publicly available population data from the 2010 decennial

census (U.S. Census Bureau 2011) and the geographic data provided in
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TIGER/Line shapefiles (U.S. Census Bureau 2012). The U.S. census

subdivides the entire United States into several nested geographic units.

I use population data for census blocks—the smallest unit of census

geography. Blocks are polygons that are typically bounded by street or

road segments on each side and typically correspond to a residential city

block in urban areas. Blocks can also represent spatial areas without

population or nonresidential land use, such as industrial areas, parks, or

areas between railroad tracks. Blocks are nested within census tracts—

the most commonly used unit of census geography for measuring

segregation—which contain an average population of 4,000 individuals.

SPC uses the TIGER/Line shapefiles for “faces” and “edges” to

define the geographic boundaries of blocks and the path of roads. Faces

are polygons that represent area features, such as blocks. Each face is

assigned a permanent unique identifier (UID) by the Census Bureau. A

block usually consists of a single face, but in some cases, a block may

contain two or more faces (e.g., if an alley subdivides a block). Each

face is bounded by one or more edges. Edges are line features, including

road segments, and each edge has a UID. Each edge is associated with

two faces—one on each of its sides. The two endpoints of an edge are

called nodes, and each has a UID. A single node may be associated with

multiple edges, such as a node that joins together two road segments.

For example, Figure 1 shows two blocks, the seven road segments

that define their perimeters, and the intersections of the roads. Each of

the blocks has one face, each with a UID. Each road segment has an

edge UID, and each endpoint of a road has a node UID. Roads that inter-

sect have nodes in common. For example, node 65970117 in Figure 1 is

an endpoint of edges 3701349, 3701194, and 3701350. This node is the

shared intersection of Center St. and the two segments of Church St.

I use the UIDs to link the geographic data for each city by identifying

the relationships between blocks, faces, edges, and nodes. The data

record for each face includes its UID, and if it represents a block fea-

ture, then it includes the UID for the block. The data record for each

edge includes the edge’s UID, the two node UIDs for its endpoints, and

the two face UIDs for its sides. The record also indicates whether the

edge is a road feature; if it is, it provides a classification code for the

type of road feature (primary road, local road, alley, etc.). For each

block, I identify the face UIDs associated with the block, find the UID

for any roads features (including alleys and pedestrian walkways) that

have the block’s face UIDs listed as one of its sides, and collect all of
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the node UIDs associated with those roads. The result is a list of the

road UIDs and node UIDs associated with each block.

3.2. Step 2: Estimating the Population Count and Composition of

Nodes

Once the geographic data for blocks, roads, and nodes have been linked,

I estimate the population count and composition at each of the nodes.6

This procedure distributes the aggregate population of each block to

point locations on roads by assigning a portion of each block’s popula-

tion to the nodes associated with the block.7 In step 5 (Section 3.5), this

will allow us to calculate the population composition in the local envi-

ronment around each node. It also has the advantage of removing the

arbitrary administrative boundaries of individual census blocks, and it

smoothes the distribution of the population and sharp discontinuities

that may occur along the administrative boundaries.8

I assign the block’s population to the nodes in two stages. First, I

assign individuals to one of the roads associated with the block, with

the probability of assignment equal to the length of the road segment.

Figure 1. An example of the TIGER/Line features used to construct road
networks.
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Second, I randomly assign individuals to one of the two nodes that are

the endpoints of their assigned road segment. When adjacent blocks are

associated with the same node, such as node 65970117 in Figure 1, the

node will likely receive a portion of each block’s population.

The random assignment of block populations to nodes will affect the

population count and composition of each node. The randomness of the

procedure would likely affect segregation levels if each node was a unit

of analysis, as with aspatial segregation measures. However, in the

fourth step (Section 3.4), SPC measures segregation in the local envi-

ronment around each node, which incorporates the population of nearby

nodes into the local environment’s composition. Even at a reach of 0

km, much of the variability of random assignment is mitigated because

adjacent blocks share nodes and each block contributes to the node’s

population. To err on the side of caution, the size of local environments

should be at least as large as the typical census block in a given city, in

which case, variability in the population count or composition due to

sampling is likely to be minimal.

3.3. Step 3: Calculating the Shortest Paths

Step 3 of the SPC method calculates the shortest paths between all pairs

of nodes. The length of the shortest paths is the minimum road distance

between nodes. I measure the shortest paths by first constructing a graph

that represents the road network. SPC takes advantage of the relational

nature of the geographic data to construct the graph. The edgelist of the

graph contains each road segment as an edge and its endpoints—the

nodes—as the vertices. A single node can join multiple road segments,

which provides the necessary linkages to construct the network. The

record for each edge includes the UID for the road segment (i.e., the

edge), the UIDs for the nodes at its endpoints (i.e., the vertices), and the

length of the road segment (i.e., the edge weight). The graph is undir-

ected, meaning that if vertex A is connected to vertex B, then vertex B

is also connected to vertex A.9 The weight of the edge connecting vertex

A and vertex B represents the road distance between them. Once the

graph is constructed, I calculate the length of the shortest path between

each pair of nodes in the network using the Dijkstra algorithm imple-

mented in the igraph package for R (Csardi and Nepusz 2006).
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3.4. Step 4: Constructing Local Environments

I use the egocentric neighborhoods strategy described in Section 2.3 to

construct local environments around each node, systematically vary their

size, and record the population composition within all local environments

of each size (e.g., Lee et al. 2008). However, I define the size, or reach

(i.e., the distance in each direction from a given node), of local environ-

ments using the road network distance rather than the straight line dis-

tance. I systematically vary the reach of local environments within a

range of values, such as .1 to 10 km (.06 to 6.2 miles). Local environ-

ments with a reach of .1 km are about the size of a block in many cities,

whereas local environments with a reach of 10 km encompass a substan-

tial portion of all but the largest U.S. cities. Local environments can span

bodies of water, such as rivers and lakes, and will include the population

on the other side of the water if it is within the reach.

When using local environments, a choice must be made about

whether locations near the boundary of the study region will be con-

strained to be within the boundary or extend into areas outside the

region. For example, will the local environment of a node near the

boundary of a city include the population of nodes outside the city that

are within the given reach of the node? This decision is particularly

important if the population composition differs inside the region and in

nearby areas outside the region and the region is defined by an arbitrary

boundary rather than being a socially meaningful entity. I explain the

options for constructing local environments in greater detail in online

Appendix A, along with the advantages and limitations of each option.

Previous studies have used local environments that are truncated at

the boundary of the study region (e.g., a city or metropolitan area) and

include only those nodes that are within the region (Hipp and Boessen

2013; Lee et al. 2008; Reardon and Bischoff 2011; Reardon et al. 2008,

2009; Xu et al. 2014). In the steps of the SPC method and the applica-

tions that follow, I likewise describe using truncated local environ-

ments; however, the method is almost identical when using extended

local environments (the exceptions are noted in online Appendix A).

3.5. Step 5: Calculating Proximity Weights

I use a proximity function to weight the relative contribution of distant

versus nearby nodes in the population of each node’s local environment.
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The functional form of the weights should represent a given study’s def-

inition of spatial proximity—for example, by representing patterns of

social interaction (e.g., Reardon et al. 2008; Xu et al. 2014) or activity

spaces (e.g., Schnell and Yoav 2001; Wong and Shaw 2011)—and it

should allow for a theoretically meaningful interpretation of results.

Studies commonly use a uniform proximity function or a distance-decay

proximity function to calculate the proximity weights.

A uniform (or rectangular) proximity function (e.g., Jargowsky and

Kim 2005; Wu and Sui 2001) gives a weight of 1 to all nodes that are

within the reach of a node’s local environment and a weight of 0 to

nodes that are outside the reach of the local environment. The uniform

proximity function is calculated as

fr(i, j) =
1 if d(i, j) � r

0 otherwise

�
; ð1Þ

where d(i, j) is the pairwise distance between nodes i and j, and r is the

reach of local environments.

A distance-decay function generates weights that vary among the

nodes included within node i’s local environment (White 1983). The

weights depend on each node’s distance to node i, where the maximum

weight is 1 and the weights approach 0 for nodes within the local envi-

ronment but at greater distances from i. As with the uniform proximity

function, nodes that are outside the reach of the local environment

receive a weight of 0. A popular distance-decay function is the two-

dimensional biweight kernel proximity function (e.g., Lee et al. 2008;

Reardon et al. 2008, 2009), which is calculated as

fr(i, j) = 1� d(i, j)
r

� �2
h i2

if d(i, j) � r

0 otherwise

(
: ð2Þ

It is often reasonable to assume that nearby locations have a stronger

influence on a residential environment than more distant locations, but

as Logan, Zhang, and Xu (2010:15) note, “we rarely have enough infor-

mation or theory to specify more clearly the functional form of this

decline.” The question of whether proximity should be measured with a

distance threshold function (as with a uniform proximity function),

distance-decay function, or another functional form will vary depending

on the aims of a study. I suggest using a uniform proximity function

when the aim of a study is comparative—for example, varying the reach

194 Roberto



of local environments (or the measure of distance) and comparing the

levels of segregation. Its simple functional form allows for a direct

investigation of how differences (or similarities) in composition are

related to distance. In studies where this relationship is known or theo-

rized, other functional forms, such as distance-decay, may be more

appropriate. (Online Appendix B describes this choice and the differ-

ences between the functional forms in greater detail.)

The selected proximity function is then used to calculate the proxim-

ity weighted population count and composition in each node’s local

environment for each reach.10 The proximity-weighted population count

of each group in the local environment is calculated as

~trim =

ð
j2R

tjmfr(i, j)dj; ð3Þ

where tjm is the group-specific population count for each node j in

region R and fr(i, j) is the pairwise proximity weight for nodes i and j.

The total proximity-weighted population count in the local environment

is calculated as

~tri =

ð
j2R

tjfr(i, j)dj; ð4Þ

or simply as the sum of ~trim across groups (m): ~tri =
P

m ~trim. The prox-

imity weighted population composition for node i is calculated by divid-

ing the proximity weighted population count of each group in i’s local

environment and ~trim by the total proximity-weighted population count

in the local environment, ~tri:

~prim =
~trim

~tri

: ð5Þ

The value of ~prim represents the population composition experienced

by the residents of node i in their local environment with a reach of r,

where the populations of other nodes ( j) are weighted according to the

proximity function fr(i, j).

3.6. Step 6: Measuring Segregation

I use the proximity-weighted population composition to measure segre-

gation in each local environment and the city as a whole. I measure
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segregation with the divergence index (Roberto 2016), which measures

the difference between the population composition of each local envi-

ronment and the city’s overall composition. This index measures the

same concept of segregation as the dissimilarity index, but it has several

advantages. For example, the divergence index can be calculated for

both continuous and discrete distributions as well as joint distributions,

such as income by race, and it can be decomposed to analyze how much

of the overall segregation in a city occurs within versus between popu-

lation groups or spatial areas.11

The divergence index is based on relative entropy—an information

theoretic measure also known as Kullback-Leibler (KL) divergence

(Cover and Thomas 2006; Kullback 1987).12 The values of the diver-

gence index represent how surprising the composition of a local envi-

ronment is given the overall population composition of the city. The

divergence index equals 0—its minimum value—when there is no dif-

ference between the local and overall population composition, whereas

greater differences produce higher values and indicate a greater degree

of segregation. Local values of the divergence index will reach their

maximum value when the smallest group in a city is 100 percent of the

local population.

I measure segregation with the divergence index to capture the differ-

ences between the local and overall proportions of each group. The

divergence index for location (i.e., node) i’s local environment with a

reach of r km is

~Dri =
X

m

~prim log
~prim

pm

; ð6Þ

where pm is group m’s proportion of the region’s (e.g., a city’s) overall

population and ~prim is group m’s proportion of the proximity-weighted

population in location i’s local environment with reach r.13

A region’s overall segregation for a given reach of local environ-

ments is the population-weighted mean of the divergence index for all

locations, calculated as

~Dr =
X

i

ti

T
~Dri; ð7Þ

where T is the region’s overall population count and ti is the population

count in location i. If all local environments have the same composition
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as the region’s overall population, then ~Dr equals 0, indicating no segre-

gation. More divergence between overall and local proportions indicates

more segregation.

The divergence index can also be used to calculate group-specific

segregation results. For each reach of local environments, the average

degree of segregation experienced by each group is calculated as

~Drm =
X

i

tim

tm

~Dri; ð8Þ

where tm is the region’s overall population of group m and tim is the

population of group m in location i. The weighted mean of the group-

specific segregation results is equal to the region’s overall segregation:

~Dr =
X

m

tm

T
~Drm: ð9Þ

4. APPLICATIONS OF THE SPC METHOD

The SPC method can be applied in a variety of ways to study segrega-

tion or spatial inequality more broadly. It can measure residential segre-

gation in cities or any other municipal divisions of interest, such as

metropolitan areas or school districts. Or it can be used to compare seg-

regation in the vicinity of public institutions (e.g., libraries) and recrea-

tional spaces (e.g., parks) and evaluate the potential for these places and

spaces to bring together a representative mix of the city’s population.

The method can also measure segregation in the vicinity of environ-

mental hazards (e.g., hazardous waste sites) to evaluate the extent to

which particular groups are disproportionately exposed to these risks.

Additional data about crime, health, or other population or environmen-

tal characteristics can also be incorporated into the SPC method to mea-

sure and analyze the segregation or spatial inequality of multiple spatial

attributes.

SPC can be used as a replacement for current methods of measuring

segregation, or it can be used alongside straight line distance segregation

measures to evaluate how segregation levels differ when road connectiv-

ity and physical barriers are taken into account. Section 4.1 describes

the latter application of the method and provides two demonstrations.

Section 4.1.1 compares how segregation differs in a stylized city when

various types of physical barriers spatially separate two groups. Section
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4.1.2 provides an empirical application that examines the local and city-

wide levels of racial segregation in Pittsburgh.

4.1. Measuring the Impact of Physical Barriers on Residential

Segregation

Physical barriers are material structures—such as highways and rivers—

that reduce the connectivity between locations on either side of the bar-

rier. Features of a city’s street design can act as physical barriers: dead-

end streets and culs-de-sac create excess distance between locations,

whereas a regular street grid provides greater connectivity between loca-

tions. The Dan Ryan Expressway in Chicago’s South Side is a classic

example of a physical barrier. It was constructed in the 1960s and sepa-

rated the white and black residents on either side of the highway (Mohl

2002). Using straight line distance to measure the proximity of these

communities would represent their nearness but not their disconnection.

Their distance apart would be measured as the width of the highway—

the same distance that would exist if the highway were never constructed.

Using road network distance more accurately represents the highway as a

source of separation: It is a physical barrier that divides the communities

and facilitates racial segregation, not residential integration.

The difference between the road distance and the straight line distance

between two locations reveals the extent to which road connectivity is

limited or physical barriers are present between locations. The road dis-

tance between any two locations is always equal to or greater than the

straight line distance between them. In a city with a regular street grid

with diagonal avenues at every intersection, there would be no difference

between the two distance measurements. Even without diagonal avenues,

there would still be very little difference between the two distance mea-

surements, especially for relatively nearby locations. If the road network

is less connected or there are other types of physical barriers present, the

road distance between locations will be greater than their straight line

distance. For example, the presence of a dead-end street or cul-de-sac

can affect the road distance between nodes in the area, but it will have

no effect on the straight line distance between the nodes.

To evaluate the impact of connectivity and physical barriers on local

and overall levels of segregation, I compare segregation measures that use

straight line distance and road network distance. Following the steps of the

SPC method, I construct local environments for every node in a city.
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However, I define the reach of local environments in two ways: using

straight line distance and road distance. In both cases, I systematically vary

the reach of local environments from .1 to 10 km (.06 to 6.2 miles). The

presence of physical barriers will affect the locations included in the local

environments constructed with road distance, not those constructed with

straight line distance. Therefore, a greater prevalence of physical barriers

will result in a greater difference between the locations included in a local

environment constructed with road distance and the locations included in a

local environment constructed with straight line distance and potentially a

difference in their population compositions.

If roads connect all nodes, then the local environments constructed

with each distance measure would be identical in size. The biggest dif-

ferences will occur in areas where one or more nodes are not well con-

nected to other nearby nodes. For example, if railroad tracks create a

physical barrier between nearby areas, they would affect the areas

included in each node’s local environment when they are constructed

with road distance. Figure 2 illustrates the difference between a local

environment constructed with straight line distance and a local environ-

ment constructed with road distance for one node located near railroad

tracks. Figure 2a shows the node’s local environment constructed with

straight line distance: All nodes within .5 km are included in the node’s

local environment. Figure 2b shows the node’s local environment con-

structed with road network distance. The railroad tracts limit the con-

nectivity to areas west of the tracks and severely reduce the number of

nodes that are included in the local environment.

The presence of physical barriers or disconnected roads is not suffi-

cient to influence segregation levels. For barriers to facilitate higher lev-

els of segregation, they must create greater separation between areas

with different population compositions. To make this assessment, I

record the population composition within all local environments con-

structed with each type of distance for each reach, and I measure the

segregation of all local environments using the divergence index

(Roberto 2016), as described in Section 3. For each reach, I measure

segregation separately for the local environments constructed with each

type of distance.

If there are no physical barriers between locations and roads are well

connected, the local environments constructed with straight line distance

and those constructed with road distance will encompass the same areas

and have the same composition. There will be no difference in the level
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of segregation for local environments of a given reach constructed with

each type of distance.

If physical barriers are present in an area but there is no difference

between the road distance and straight line distance segregation mea-

sures for the nodes in that area, this indicates that the racial

(a)

(b)

Figure 2. Comparing a local environment constructed with straight line
distance and road network distance (reach of the local environment = .5 km).
(a) Local environment constructed with straight line distance. (b) Local
environment constructed with road network distance.
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compositions of their local environments measured by each type of dis-

tance are identical and physical barriers do not structure the spatial pat-

tern of segregation in that area. If the road distance segregation measure

for a local environment is lower than the straight line distance segrega-

tion measure, this indicates that the local environment is in an area with

a composition that is similar to the city (i.e., lower segregation) and a

physical barrier separates it from an area with a composition that differs

from the city (i.e., higher segregation).

If the road distance segregation measure for a local environment is

higher than the straight line distance segregation measure, this indicates

that physical barriers and disconnectivity play a role in spatially struc-

turing segregation patterns. The greater the difference, the greater the

extent to which barriers divide groups and facilitate segregation. These

differences may be greater for certain reaches of local environments

than others, which would indicate that barriers play a larger role in struc-

turing segregation patterns at some geographic scales than at others.

4.1.1. Physical Barriers and Racial Segregation in a Stylized
City. This section uses a stylized city to demonstrate how the SPC

method can evaluate the impact of physical barriers on segregation lev-

els. The stylized city is much simpler than a real city in terms of both

its geography and the distribution of the population. This simple exam-

ple illustrates the steps of the method and provides a sample of the

results it produces.

The stylized city is calibrated to approximate the population and cen-

sus geography of a medium-sized U.S. city or several neighborhoods

within a larger city. It has a population of 500,000 people, and for sim-

plicity, the population includes only two racial groups—white and

black. The city contains 100 tracts, each with a population of 5,000 peo-

ple. Each tract contains 25 blocks with an equal population count of

200 people. Blocks are bounded by streets, and the length of each side

of a block and of each of the street segments surrounding it is 250

meters (.16 miles).14 All adjacent streets are connected unless a physical

barrier is present.

The city has a spatial pattern of segregation similar to the north-south

patterns of white-black segregation in cities such as St. Louis and

Cleveland. Figure 3 shows maps of the racial composition of blocks

(Figure 3a) and nodes (Figure 3b) in the stylized city. The population of

the city includes residents who are white and black, and the color of the
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blocks and nodes indicates the percentage of the population who are

black, with darker colors indicating higher values. The thin black lines

in Figure 3a indicate the borders of blocks, and the thick black lines

indicate the borders of tracts. The population of each block and tract is

exclusively either white or black.

I introduce three types of physical barriers into the city and evaluate

the impact of each barrier on the level of segregation: (1) a barrier that

fully divides the north and south sides of the city, (2) a barrier that

spans half the width of the city, and (3) a segmented barrier that resem-

bles a river with bridges every few kilometers. Although it is unusual to

observe a barrier completely dividing a city in half, such barriers can be

found between neighborhoods or larger areas within cities.

I follow the SPC method to measure segregation in the city using both

straight line distance and road network distance to measure the reach of

local environments. I then analyze the differences between the two sets

of results to evaluate the impact of each type of barrier on the level of

segregation.

Following the first two steps of the SPC method, I link the geographic

data for blocks and roads and estimate the population count and composi-

tion at each of the nodes (i.e., the intersections or roads). Figure 3b shows

the result of these two steps—the racial composition of each node.

Although each half of the city has a monoracial population, locations

along the midline where the clusters meet are diverse. The adjacent blocks

share roads and intersections, and individuals living in different blocks on

either side of a road are assigned to one or more of the same nodes.

In the third step of the SPC method, I calculate the shortest path along

the road network between all pairs of nodes in the city as well as the

straight line distance between all pairs of nodes. I then construct local

environments around each node using both the road distance and straight

line distance measures. I vary the reach of the local environments, rang-

ing from .1 to 10 km. I calculate the proximity weighted population

composition in the local environment of each node separately for each

distance measure and each reach. Finally, I use the divergence index to

measure segregation in the local environment of each node, calculating

separate results for each distance measure and each reach.

The segregation results for the stylized city are summarized in

Figures 4a and 4b. Figures 5 and 6 map the local segregation by barrier

type for each node in the city with local environments that have a reach
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of 3 km and 10 km, respectively. Darker colors indicate higher

segregation.

Figure 5a maps the results for the city with no barriers. Segregation

values are highest at the north and south ends of the city and lowest

along the midline of the city where the two segregated clusters meet.

(a)

(b)

Figure 3. Maps of a stylized city. (a) Percentage black in blocks. Block
borders are the thin black lines and track borders are the thick black lines. (b)
Percentage black in node locations.
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The city is 12.5 by 12.5 km in size. At a reach of 3 km, only locations

relatively near the midline—where black and white residents live in

(a)

(b)

Figure 4. Segregation in a stylized city. (a) Road distance and straight line
distance segregation measures by barrier type. (b) Difference between road
distance and straight line distance segregation measures by barrier type.
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close proximity—experience any change in the composition of their

local environments.

With no barriers present, the level of segregation is similar for small

local environments using either distance measure, as seen by comparing

the dotted black line (road distance) and gray line (straight line distance)

in Figure 4a. However, the straight line distance segregation measure

shows less segregation, particularly for larger reaches of local environ-

ments. The distance between each pair of locations along the road net-

work is longer than the length of a straight line connecting the locations.

(a)

(c)

(b)

(d)

Figure 5. Maps of road distance segregation in a stylized city by barrier type
(reach of local environments = 3 km). (a) No barrier. (b) Full barrier. (c)
Partial barrier. (d) Segmented barrier.
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Given the same reach, local environments are larger when constructed

with straight line distance than road distance. They encompass a larger

area of the city and include more of the city’s population, which makes

their composition more representative of the city’s overall population.

The differences between the two sets of results is due to street design.

If the city’s simple street grid was amended to include streets running

diagonally through each block, local environments constructed with

either distance measure would include the same set of locations, and

segregation results would be identical. For example, in cities with ave-

nues that periodically cross diagonally through a grid of streets, as in

parts of Washington, D.C., the straight line distance and road distance

between two locations is more similar than in cities with a rectangular

street grid, as in Midtown Manhattan. The presence of dead-end streets

and culs-de-sac has the opposite effect on connectivity: They prevent

through movement and increase the difference between the straight line

distance and road distance between locations.

Now that I have established the differences in the straight line dis-

tance and road distance segregation measures that are attributable to the

stylized city’s street design, I separately introduce each of the three bar-

riers into the city and again measure segregation and compare results.

The first barrier fully disconnects the city’s two large clusters and

divides the north and south sides of the city (see Figure 5b). As a conse-

quence, local environments constructed with road distance do not include

areas on the opposite side of the barrier. Segregation remains at its maxi-

mum value even as the reach of local environments increases. Figure 4b

shows the difference between the straight line distance and road distance

segregation measures for each of the barrier types. Road distance is sen-

sitive to the disconnection imposed by the barrier, but straight line dis-

tance is not. Local environments constructed with straight line distance

are unchanged by the presence of a barrier. There is maximum segrega-

tion in the immediate area of each location, but segregation steadily

decreases as the reach of local environments increases.

The full barrier in Figure 5b is an extreme case that is rarely observed

at the city level. Figures 5c and 5d show the effect of more realistic par-

tial barriers. The barrier in Figure 5c spans half the city. This creates

excess distance between locations on either side of the barrier, but no

locations are fully disconnected from the rest of the city. Similarly, in

Figure 5d, there is a segmented barrier that creates excess distance but

maintains connectivity, similar to a river with bridges every few

206 Roberto



kilometers. The straight line distance segregation measures show the

same results, regardless of whether one of the barriers is present. The

effect of the barriers is evident only when using road distance segrega-

tion measures.

The presence of a segmented barrier results in higher segregation

compared to a city with no barrier. Segregation decreases slowly as local

environments increase to a reach of 3 km and then shows a steeper rate

of decline beyond that distance. (See again Figure 4a.) The difference

narrows when the reach is 10 km and nearly converges with the segrega-

tion level for a city with no barrier.

With a barrier that spans half the city’s width, segregation decreases

as the reach of local environments increases. The rate of change is

steady, but it is more gradual than when no barrier is present. As the

reach of local environments increases, the difference in segregation

between the city with no barrier and a barrier that spans half the city also

increases. (See again Figure 4a.) This is opposite to the trend observed

for the city with a segmented barrier where the difference narrowed.

This difference occurs because the barriers constrain connectivity in dif-

ferent ways.

Both barriers create excess distance between locations, but the total

length of the segmented barrier in Figure 5d is greater than the barrier

that spans half the city in Figure 5c. In addition, the segmented barrier

is more permeable, allowing connectivity between the two halves of the

city at regular intervals. Although the segmented barrier facilitates

higher segregation when the reach of local environments is less than 3

km, it is less impactful at greater distances. However, the barrier that

spans half the city continues to constrain the local environments of

much of the city’s population, even when the reach is 10 km. The dif-

ference in the impact of each barrier is evident in Figure 6, which maps

the segregation by barrier type for local environments with a reach of

10 km.

4.1.2. “The Other Side of the Tracks” in Pittsburgh. To further

demonstrate the application of the SPC method, I examine how connec-

tivity and physical barriers are associated with residential segregation

levels in a U.S. city. I measure racial segregation between whites,

blacks, Hispanics, and Asians using data from the 2010 decennial

census.15 I measure segregation for local environments with a reach of

.5 km, 1 km, 2 km, 3 km, and 4 km. The smallest reach of .5 km
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approximates the area of a neighborhood in Pittsburgh, and the largest

reach of 4 km would include a large portion of the city. I compare the

road distance and straight line distance segregation measures for each

reach to examine how connectivity and physical barriers influence the

segregation levels.

The population of Pittsburgh is 65 percent white, 26 percent black, 4

percent Asian, and 2 percent Hispanic. However, local environments

within the city tend to have a different composition than the city. Figure

7 presents the results for the road distance and straight line distance

(a)

(c)

(b)

(d)

Figure 6. Maps of road distance segregation in a stylized city by barrier type
(reach of local environments = 10 km). (a) No barrier. (b) Full barrier. (c)
Partial barrier. (d) Segmented barrier.
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segregation measures. The city-level segregation for local environments

with a reach of .5 km is .33 for the straight line distance segregation

measure and .37 for the road distance segregation measure. Both segre-

gation measures steadily decrease as the reach of local environments

increases, but the level of segregation is consistently higher for the road

distance segregation measure.

The magnitude of the difference between the straight line distance

and road distance segregation measures indicates the extent to which

physical barriers and disconnectivty influence segregation levels.

However, the city-level segregation results for each reach are the

population-weighted average of segregation in the local environments

of each node, including areas where there are no physical barriers. In

such areas, the local environments constructed with road distance and

straight line distance will have a similar composition, and there will be

no difference between the two segregation measures. Therefore, even

small positive differences in the city-level results are meaningful and

suggest that physical barriers facilitate greater separation between eth-

noracial groups and higher levels of segregation.

Figure 7. White-black-Hispanic-Asian segregation in Pittsburgh in 2010: a
comparison of road distance and straight line distance segregation measures.

The Spatial Proximity and Connectivity Method 209



The difference between the road distance and straight line distance

segregation measures varies considerably across locations in the city.

Figure 8 is a map of the differences in local environments with a reach

of .5 km. The differences are grouped into quartiles, and the color of

each node indicates the magnitude of the difference, with darker colors

indicating a greater difference between the measures. There are areas

where a cluster of locations all have larger differences between the mea-

sures, which indicates that road connectivity or physical barriers in these

areas is facilitating higher levels of segregation. A closer inspection of

one of these areas illustrates how such differences can arise.

Figure 9 is a map of the local differences between the road distance

and straight line distance segregation measures in the Beltzhoover

neighborhood of Pittsburgh and other nearby areas.16 Beltzhoover is

located south of downtown Pittsburgh in the Hilltop area of the city. It

is bounded on the west and north by railroad tracks and the south by

McKinley Park. These features of the built environment reduce the con-

nectivity and increase the distance between Beltzhoover and the neigh-

borhoods of Mount Washington to the west and north and Bon Air to

the south. The road network distance between locations in Beltzhoover

and these nearby neighborhoods is longer than a straight line connecting

the locations. Due to this difference, the local environments of residents

in these neighborhoods will differ depending on whether their reach is

measured with straight line distance or road distance.

For smaller reaches, such as .5 km, the local environments of locations

near the railroad tracks will include areas on opposite sides of the tracks

if they are constructed with straight line distance but not if they are con-

structed with road distance. Figure 2, used as an example in Section 4.1,

illustrates this difference. A reach of .5 km is not a sufficient distance to

connect the focal location in Beltzhoover to locations on the other side of

the tracks in Mount Washington along the road network.

The neighborhoods of Beltzhoover and Mount Washington are physi-

cally divided by the railroad tracks, and they also differ in their racial com-

position. Figure 10 shows a map of the white-black-Hispanic composition

in this area of Pittsburgh. The box labeled “City Composition” indicates

the color that a node will be if it matches the white-black-Hispanic compo-

sition of the city. Most residents on the Beltzhoover side of the tracks are

black, and most residents on the Mount Washington side are white. The

city of Pittsburgh is 65 percent white and 26 percent black, which is differ-

ent than the predominantly black composition of Beltzhoover.
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Because the racial composition of Beltzhoover is surprising given the

overall composition of the city’s population, we should expect segregation

to be high in the local environments of nodes in Beltzhoover, particularly

Figure 8. White-black-Hispanic-Asian segregation in Pittsburgh in 2010:
quartiles of the difference between road distance and straight line distance
segregation measures (reach of local environments = .5 km).
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for smaller reaches measured with road distance. Figure 11 maps the local

segregation values for local environments with a .5 km reach, with darker

colors indicating higher segregation values. The results for the straight line

distance segregation measure are shown in Figure 11a, and the results for

the road distance segregation measure are in Figure 11b.

Comparing the two maps in Figure 11 reveals the extent to which the

built environment, including road connectivity and physical barriers,

impacts the segregation of these local environments. The segregation

values for locations near the railroad tracks in Beltzhoover are higher

when their local environments are constructed with road distance rather

than straight line distance. The local environments constructed with

straight line distance are able to extend into the Mount Washington

neighborhood, as was illustrated in Figure 2. In doing so, their racial

composition is more representative of the city and therefore less segre-

gated than the local environments constructed with road distance.

Measuring distance along a city’s road network is sensitive to the

reduced connectivity and excess distance created by physical barriers.

Comparing road distance and straight line distance segregation mea-

sures reveals the extent to which disconnectivity and physical barriers

facilitate greater separation between groups and increase the local and

citywide levels of segregation.

Figure 9. White-black-Hispanic-Asian segregation in an area of Pittsburgh in
2010: quartiles of the difference between road distance and straight line
distance segregation measures (reach of local environments = .5 km).
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5. CONCLUSION

The SPC method measures segregation as a function of road network

distance to capture how the physical structure of the built environment

affects the proximity and connectivity of residential locations. This

method lays the foundation for future research examining the spatial

structure of segregation patterns, including how it varies across cities

and regions, its consequences for residents and communities, and how it

has changed over time.

I demonstrated an application of the SPC method with two analyses

that compared road distance segregation measures and straight line dis-

tance segregation measures to examine how physical barriers and dis-

connectivity influence residential segregation levels. The first analysis

compared how segregation differs in a stylized city when various types

of physical barriers spatially separate two groups, and it showed that a

barrier’s impact on segregation depends on its spatial configuration and

how much it restricts the connectivity between groups. In the second

analysis of racial segregation in Pittsburgh, I found that physical barriers

and disconnected roads divide urban space in ways that increase the

city’s overall level of segregation. However, I also found substantial

variation in the impact of barriers across local areas within the city. It is

Figure 10. White, black, and Hispanic population in an area of Pittsburgh in
2010.
Note: This area of Pittsburgh has a relatively small Asian population, which is not

shown on the map.
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likely that the prevalence of barriers and their impact on segregation

levels varies both within cities and across cities as well. By uncovering

an additional source of variation in the level of segregation experienced

by residents, the SPC method has important implications for understand-

ing the causes and consequences of racial segregation.

(a)

(b)

Figure 11. White-black-Hispanic-Asian segregation in an area of Pittsburgh
in 2010: straight line distance and road distance segregation measures (reach
of local environments = .5 km). (a) Straight line distance segregation measure.
(b) Road distance segregation measure.
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There is a long history of physical barriers, such as highways and

railroad tracks, being used to reinforce or exacerbate segregation in U.S.

cities by facilitating greater separation between groups in nearby areas

(e.g., Jackson 1985; Mohl 2002; Schindler 2015; Sugrue 2005). The

SPC method contributes to the scholarship on residential segregation by

capturing the effect of this additional mechanism of segregation—the

connectivity, or physical barriers, between locations—on the level and

spatial pattern of segregation.

The SPC method can be used to investigate the role of the built envi-

ronment in segregation processes by pairing the method with historical

data. Comparing road distance segregation measures and straight line

distance segregation measures over time can reveal how changes to the

built environment, such as the construction or removal of an urban high-

way, contribute to entrenched patterns of segregation or a shift toward

residential integration. In this way, the method can be used to examine

how the built environment has contributed to the persistence of residen-

tial segregation over the course of the twentieth century.

The SPC method can also be paired with ethnographic fieldwork to

provide a more comprehensive account of how the built environment

shapes individuals’ interactions and residential contexts. For example,

Korver-Glenn’s (2014) ethnographic study of the Northside neighbor-

hood in Houston, Texas, found that the construction of a new transit rail

line contributed to high levels of physical division and conflict within

the community. The study suggests that road connectivity and physical

barriers affect the community aspects of neighborhoods—how residents

relate to one another. A mixed-methods approach that integrates the

SPC method and ethnographic observation can investigate both the spa-

tial structure and local experience of segregation and offer new insight

about the role of the built environment in alleviating or perpetuating

residential inequality.

Although the SPC approach improves on the current methods for

measuring spatial segregation, there are two issues that present chal-

lenges to its implementation. First, the method requires detailed spatial

data, which are only available in digital format for the most recent cen-

sus years. A historical analysis of segregation patterns using the SPC

method would require the collection and digitization of street maps and

block boundaries from previous census years. Second, the spatially

detailed measurement and analysis required by the SPC method is com-

putationally intensive. The processing, memory, and storage demands of
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the method may not be feasible for many personal computers. For exam-

ple, the road network data for the city of Pittsburgh includes approxi-

mately 19,000 nodes. Thus, calculating the road network distance requires

finding the shortest path between 186 million pairs of nodes and storing

the result in a large distance matrix. An additional matrix containing prox-

imity weights is computed for every reach of the local environments. The

12 matrices used in the demonstration analysis required about 35 giga-

bytes of data storage, and the measurement and analysis was conducted in

a high-performance computing environment. Given the rapid rate of tech-

nological advancements, including the availability of high-performance

computing facilities and personal computers with multiple core processors

and large memory and storage capacities, the computational demands of

the method will become increasingly easy to meet.

Despite these limitations, the SPC method can be extended to incor-

porate additional aspects of proximity and connectivity into the mea-

surement of racial segregation or applied to measure the spatial

segregation or inequality of other population and environmental charac-

teristics, such as income, crime, or environmental hazards.

One way to extend the SPC method is to incorporate different sources

of connectivity. For example, to study if the connectivity provided by

public transportation facilitates greater separation between groups and

higher levels of segregation, the SPC method can use a network of transit

routes and stations instead of a road network (or the connectivity provided

by both transit and roads can be integrated into a single network). Or, the

road network could be constructed as a directed graph if, for example, we

wanted to represent the differences in connectivity provided by one-way

versus two-way streets. Furthermore, the method can incorporate addi-

tional information about the quality of the connectivity provided by roads

and other pathways. For example, a bridge or underpass that is desolate or

poorly lit may perpetuate separation between nearby areas rather than

bringing them together. A measure of the quality of connective roads

could further enhance the SPC approach, and new methods for systematic

social observation using Google Street View could provide a starting point

for developing such a measure (Hwang and Sampson 2014).

The SPC method can also accommodate alternative theories of proxim-

ity. If we were interested in measuring segregation as a function of popula-

tion count (i.e., to control for differences in population density across cities

or neighborhoods), the reach of the local environments could be based on

the count of nearest neighbors rather than the distance between nodes. Or, if
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we were concerned with spatial mobility rather than spatial structure, the

travel time between nodes could be used to define the reach of local envir-

onments instead of road network distance. Such an extension of the SPC

method may be relevant to research that uses an activity space perspective

to study segregation across the many social and geographic spaces where

individuals travel and spend time on a day-to-day basis (Jones and Pebley

2014; Schnell and Yoav 2001; Wong and Shaw 2011; Zenk et al. 2011) or

related research that uses geo-ethnography to study the activity patterns that

link people to places (Matthews 2011).

I designed the SPC method to create a more accurate and comprehen-

sive portrait of the physical environment of individuals’ residential

spaces and develop a deeper understanding of how the built environ-

ment influences the patterns, processes, and consequences of segrega-

tion. My approach highlights the unique role of the built environment in

spatially structuring segregation patterns and enables further consider-

ation of its role in the persistence of segregation.
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Notes

1. Diversity measures necessarily lose information about the specific group propor-

tions and instead focus on the variety or relative quantity of groups, whereas segre-

gation measures assess whether groups are over- or underrepresented relative to

their overall proportions.

2. For example, see Hwang, Roberto, and Rugh (forthcoming).

3. They estimate the population count and composition of each cell using Tobler’s

(1979) pycnophylactic (“mass preserving”) smoothing method, which reduces
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differences in the population of neighboring cells that fall along the boundary of a

block.

4. They measure proximity with a distance-decay function: a two-dimensional

biweight kernel proximity function. Their proximity function is bounded by the

radius of local environments and areas beyond that distance receive a weight of 0.

It is similar to a Gaussian kernel but bounded for each radius to reduce computa-

tion (Reardon et al. 2008). They exclude areas outside the metropolitan area even

if they are within a cell’s local environment.

5. The modifiable areal unit problem (MAUP) has two related components: the scale

(or aggregation) effect, which concerns the size or number of spatial units, and the

zoning effect, which concerns how the boundaries of the spatial units are drawn.

The spatial proximity and connectivity (SPC) method addresses the zonal aspect

of the MAUP by using point locations with geographic coordinates (nodes) rather

than zones, and using the smallest spatial units available (census blocks) to esti-

mate their population (Páez and Scott 2004). SPC addresses the scale aspect of the

MAUP by systematically varying the reach of each node’s local environment and

measuring segregation at each level of spatial resolution (Lee et al. 2008; Xu,

Logan, and Short 2014).

6. With individual-level data, or data aggregated at the addresses level, this estima-

tion procedure would not be necessary. The population count and composition of

each address could be used instead of the nodes, or the address-level data could be

assigned to the nearest node to reduce computational demands. For example, Xu

et al. (2014) use household-level geocoded data from the 1880 census to calculate

egocentric diversity indexes. However, such high-resolution population data are

rarely available publicly, particularly for recent census years.

7. For a related approach that assigns block populations to street segments using

information about the number of residential land use parcels, see Kim (2018).

8. Techniques that generate a smooth population surface, such as pycnophylactic

(“mass preserving”) smoothing method developed by Tobler (1979) or a hybrid

approach that integrates pycnophylactic-interpolation and dasymetric-mapping

methods (Kim and Yao 2010), estimate the population in each cell of a raster grid

rather than estimating the population at specific point locations. This is an impor-

tant distinction because the SPC method uses the distance between locations on

the road network to construct local environments, and these smoothing techniques

are better suited for applications that use the straight line distance between cell

centroids, as discussed in Section 2.3.

9. A directed graph can be used with the SPC method if, for example, one wanted to

represent the differences in connectivity provided by one-way versus two-way

streets.

10. Equations (3) through (5) are adapted from Equation (A1) in Reardon et al. (2008).

11. The divergence index differs from Theil’s entropy index and the spatial informa-

tion theory index developed by Reardon and O’Sullivan (2004) because the diver-

gence index compares the population compositions rather than the diversity of

local environments and the overall composition of the city (Roberto 2016).

Segregation and diversity are both important aspects of residential differentiation,

but there is a key distinction between them: Diversity is concerned with the variety
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or relative quantity of groups, whereas segregation is concerned with which groups

are over- and underrepresented. As a result, measures of diversity cannot distin-

guish between a setting in which the proportion of a minority group and a majority

group match their proportions in the overall population and one in which the pro-

portions of the minority and majority groups are swapped. For example, in a city

with a population composition of 25 percent group A and 75 percent group B, an

area of the city with the same population composition as the city (25 percent group

A and 75 percent group B) has the same level of diversity as an area with the

inverse population composition (75 percent group A and 25 percent group B).

However, the first area has the same composition as the city—it is not

segregated—and the composition of the second area is very different than the

composition of the city—it is very segregated. The SPC method can be applied to

measure spatial diversity rather than segregation by substituting the divergence

index with an entropy index, such as the information theory index.

12. A related information theoretic measure called mutual information is a special case

of relative entropy. Whereas relative entropy measures the difference between two

probability distributions, mutual information measures “the amount of information

one random variable contains about another” (Cover and Thomas 2006:12). In the

social sciences, a mutual information index has been developed to study school

segregation (Frankel and Volij 2011; Mora and Ruiz-Castillo 2011).

13. Following standard usage, I define 0 log 0 = 0 because limx!0 (x log x) = 0.

14. In U.S. cities, blocks vary in size. A standard block in Manhattan is about 80

meters by 270 meters. To compare the dimensions of a typical block across cities,

see http://www.thegreatamericangrid.com/dimensions.

15. Using U.S. Census Bureau’s categories of race and ethnicity, I define four ethnora-

cial groups: non-Hispanic white (white), non-Hispanic black (black), non-Hispanic

Asian (Asian), and Hispanic of any race (Hispanic).

16. The shapefiles for Pittsburgh’s neighborhoods and parks were downloaded from

the City of Pittsburgh (2017a, 2017b).
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