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The historical roots of sociological interest in
racial and ethnic residential segregation can

be traced to Robert Park’s (1926) famous dic-
tum that spatial patterns reflect social relations.
For many scholars, however, the standard
Chicago School rationale no longer suffices.
Beyond its role as an indicator of the social dis-
tance between majority and minority groups,
segregation is now considered an important
force contributing to racial inequality more gen-

erally in American society. Recent evidence
links high levels of segregation to minority
deficits in safety, health, education, and employ-
ment, among other outcomes (Acevedo-Garcia
et al. 2003; Card and Rothstein 2006; Cutler and
Glaeser 1997; Ellen 2000; Peterson, Krivo, and
Browning 2006). Similarly, the neighborhood
effects literature incorporates segregation in
localized form, exploring how racial isolation
and related aspects of concentrated disadvantage
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both heighten exposure to problems and reduce
access to resources and opportunities (Brooks-
Gunn, Duncan, and Aber 1997; Sampson,
Morenoff, and Gannon-Rowley 2002; Wilson
1987, 1996).

Most segregation investigators turn to the
decennial Census for their data. The resulting lit-
erature offers valuable insights, not only into the
consequences of racial segregation, but more
often into its patterns and antecedents (Farley
and Frey 1994; Iceland, Weinberg, and
Steinmetz 2002; Lieberson 1980; Logan, Stults,
and Farley 2004; Massey and Denton 1993;
Taeuber and Taeuber 1969). Here, we are con-
cerned with a practice common to this census-
based research: relying on a single type of spatial
unit—typically the census tract (although some-
times the block group or block)—when com-
puting segregation measures such as the index
of dissimilarity.

The census tract is officially defined as a
compact, recognizable, and homogeneous ter-
ritorial unit with relatively permanent bound-
aries and an optimum population of about 4,000
people (U.S. Census Bureau 1997).1 Its popu-
larity can be traced in part to its convenience and
to the belief that it approximates a “real” neigh-
borhood. One difficulty with the latter justifi-
cation lies in the elastic nature of the
neighborhood concept. Urban dwellers’ per-
ceptions of the name, size, and boundaries of the
same residential environment can vary marked-
ly (Chaskin 1994; Lee and Campbell 1997;
Sastry, Pebley, and Zonta 2002). Although the
congruence, or lack thereof, between a subjec-
tively meaningful neighborhood and a census
tract is hardly a trivial matter, we speak to this
issue only in an indirect fashion.

More crucial for our purposes is that sole
reliance on the tract (or block group or block)
as the unit of analysis precludes appreciation of
the geographic scale of residential segregation.
The concept of scale refers to the geographic
level at which any phenomenon of interest is
organized, experienced, or observed (Smith

2000). Residential segregation is inherently spa-
tial. Hence, a complete understanding of seg-
regation must be attentive to its scale in addition
to its magnitude (Kaplan and Holloway 2001).
We contend, however, that conventional census
studies, in which tracts are treated as discrete
residential turfs, rest on three problematic
assumptions—two about scale and one about
proximity. While the assumption about prox-
imity has been widely discussed in the segre-
gation measurement literature (Dawkins 2004;
Massey and Denton 1988; Morrill 1991; White
1983; Wong 1993), the two about scale have
received less scrutiny.

First, most studies implicitly assume that the
tract constitutes an appropriately-sized spatial
unit for capturing segregation. This assumption
obscures potential variation among regions (e.g.,
metropolitan areas) in the scale of segregation
because tract measures cannot distinguish
regions in which the racial composition changes
over short distances from those in which dif-
ferences in composition occur between large
subareas. The second assumption, actually a
corollary of the first, is that the scale to which
the census tract corresponds can in fact be ascer-
tained, thanks to the standardized, stable nature
of tracts. As we will show, substantial variation
exists in the territorial size of tracts within and
across metro areas, which means that the “scale”
of tract-based segregation measures remains
ambiguous.

Third, there is an assumption that all persons
sharing a tract, whether they are located in the
core of the tract or near its edges, have no prox-
imity to residents outside the tract but are equal-
ly proximate to everyone within its boundaries.
This assumption inheres less in the tract-level
data used by conventional studies than in their
treatment of tracts as spatially autonomous,
regardless how near or far from each other tracts
are.

Our aim is to reduce the need for these
assumptions via a spatially refined strategy in
which scale and proximity are handled in a
more flexible manner. We begin by explicating
the assumptions with reference to current tract-
based research on racial segregation. Following
Reardon and colleagues (Reardon et al.  2008;
Reardon and O’Sullivan 2004), we argue that
segregation should be reconceptualized as vari-
ation in the racial composition of the egocen-
tric local environments inhabited by individual
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1 A discussion of how the census tract rose to
prominence and why we give it priority over other
types of spatial units can be found in Section A of the
Online Supplement at the ASR Web site
(http://www2.asanet.org/journals/asr/2008/toc065.
html).
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residents, in which the definition of “local”
may be manipulated to evaluate segregation at
a range of geographic scales. We also introduce
the segregation profile as a method for sum-
marizing the extent of segregation across local
environments of differing territorial size. Simply
put, our proposed approach treats scale as a
variable rather than a constant and takes prox-
imity seriously.

Next, we apply spatial techniques of meas-
uring segregation to 2000 Census data for the
100 largest U.S. metropolitan areas. A spatial-
ly weighted version of the information theory
index (H ) serves as the primary segregation
measure throughout. Our initial analytic objec-
tives are to describe average levels of segrega-
tion for combinations of racial groups (e.g.,
Black–White and Hispanic–White), to observe
how these levels vary when we use different def-
initions of local environment size, and to relate
large- and small-environment patterns with a
tool known as the macro-micro segregation
ratio. We then disaggregate segregation pat-
terns by metropolitan area, because rankings
of the most and least segregated areas may
depend on geographic scale. If the areas most
segregated across small local environments are
also the most segregated across large ones, a
measure of racial segregation at any scale (even
at the uncertain scale of the tract) would tell us
all we need to know.

If, on the other hand, the rankings do vary by
scale, then not only the patterns but also the
determinants of segregation are called into ques-
tion. This possibility guides the second part of
our analysis, which explores the cross-scale rel-
evance of a structural perspective on segrega-
tion popular in census-based studies (Farley
and Frey 1994). We compute a measure of net
micro-segregation for each metropolis, which
allows us to decompose the total segregation
among individuals’ small local environments
into macro- and micro-scale components (i.e.,
the portions of total segregation due to variation
between and within large subregions, respec-
tively). By fitting regression models that incor-
porate net micro-segregation as one of several
scale-specific dependent variables, we can
assess the degree to which the metropolitan
structural properties examined in conventional
research differentially explain macro- and
micro-segregation.

Finally, we compare our regression results for
egocentric local environments with those for
tracts. This type of comparison, which we also
use to evaluate descriptive patterns, addresses
an overarching issue: In what ways, if any, does
our scale-sensitive approach advance under-
standing of racial residential segregation?

PROBLEMATIC ASSUMPTIONS IN
CONVENTIONAL RESEARCH

Contemporary evidence on segregation comes
from a series of studies undertaken after the
release of the 2000 Census data (Charles 2003;
Farrell 2008; Fischer 2008; Glaeser and Vigdor
2003; Iceland et al. 2002; Logan 2003; Logan
et al. 2004). One intriguing trend the studies
document is the convergence of group-specif-
ic segregation levels attributable to pervasive
Black–White declines and small Hispanic and
Asian increases in segregation. This trend has
not, however, eliminated the familiar racial hier-
archy: African Americans are still the minority
most segregated from Whites, Asians the least
segregated, and Hispanics are in-between.

To understand intermetropolitan differences
in segregation levels, researchers often use some
version of Farley and Frey’s (1994) structur-
al–ecological perspective (see also Frey and
Farley 1996). The body of work inspired by this
perspective finds that variation in segregation
is related to metro area population size, region,
functional specialization (e.g., as a military or
retirement center), minority group size, and
minority socioeconomic status, among other
structural characteristics (Farrell 2005; Iceland
and Nelson 2008; Logan et al. 2004; Timberlake
and Iceland 2007; Wilkes and Iceland 2004).
Section B of the Online Supplement reviews
recent studies of segregation in greater detail.

Such studies share more than their conclu-
sions about the patterns and determinants of
residential segregation. Despite their nominal-
ly spatial orientation, they tend to be aspatial in
certain key respects, like the segregation liter-
ature in general. With occasional exceptions
(Dawkins 2004; Grannis 1998; Jargowsky and
Kim 2005; White 1983; Wong 1999, 2005),
researchers use measures that stress the racial
composition of census tracts to the neglect of
spatial complexities. In particular, the tract-
based computation of dissimilarity (D) and
exposure (P*) indexes rests on the assumptions
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about scale and proximity identified earlier.
These assumptions, which we now discuss in
turn, can foster measurement error in conven-
tional segregation research.

SCALE

Concerns about scale provide the primary moti-
vation for our analysis. To assume that tracts
constitute a gold standard in the calculation of
segregation measures (i.e., that their size is con-
sistently attuned to the spatial texture of racial
composition) discounts the likelihood of met-
ropolitan- and group-specific variations in that
texture. The topography of a metropolis, the
number of municipalities it comprises, the expe-
riences of its minority residents in the local
housing market, and a host of other factors can
all be expected to contribute to distinctive racial
distributions. Some metro areas and groups will
be segregated predominantly at a macro-geo-
graphic scale (e.g., Black–White segregation
in Atlanta and Chicago, where the subregions
occupied by each racial group are spatially
large) and some at a micro scale (e.g., instances
of Asian–White segregation in which Asian
groups are concentrated in highly localized
enclaves). Although the tract may be an appro-
priate unit when segregation manifests itself
between these two extremes, tract-based segre-
gation measures necessarily obscure racial pat-
terns that extend over territorial domains larger
or smaller than tracts.

The general point we wish to make is that one
size does not fit all. This conclusion raises a log-
ically prior issue: Do census tracts even approx-
imate a uniform size? Despite the Census
Bureau’s portrayal of tracts as compact, stable,
neighborhood-like units and their reification as
such by social scientists, population rather than
territory represents the decisive criterion in
defining tracts. For the 2000 Census, local sta-
tistical area committees were instructed to treat
4,000 as the optimum tract population size;
1,500 and 12,000 were the minimum and max-
imum thresholds beyond which a formal justi-
fication for exemption would be required (U.S.
Census Bureau 1997).2 An obvious consequence

of linking tract boundaries to population is that
the overall density of a metropolitan area will
be negatively related to tract spatial size. Among
the 25 most densely settled metro areas in our
sample, the interquartile range in tract size runs
from 1.1 to 6.2 km2, on average. Among the 25
lowest-density metro areas, the interquartile
range is 2.5 to 27.8 km2.

Keep in mind that these summary statistics
mute the magnitude of contrasts between and
within particular metropolises. For example,
the median tract size in Little Rock–North Little
Rock (16.6 km2) is nearly 80 times greater than
that in New York–White Plains–Wayne (.21
km2), and the tracts in Riverside–San
Bernardino–Ontario and Salt Lake City cover
roughly half a square kilometer on the low end
to 20,700 and 14,981 km2, respectively, on the
high end. More generally, 23 of the 100 largest
metropolitan areas have tracts smaller than a
square mile and larger than 500 square miles
(1,300 km2). Intrametropolitan variation also
occurs in tract population, so much so that 45
of the largest metro areas have tracts falling
both below and above the prescribed 1,500 to
12,000 range.

Boundaries are another aspect of tracts that
lack consistency. In theory, they are supposed
to take a concrete, unambiguous form (such as
streets, rivers, or railroads), yet certain kinds of
invisible political jurisdictions, such as county
lines, can double as tract boundaries. Moreover,
the ideal of boundary stability is breached quite
often, thanks to tract splits, mergers, and irreg-
ular shifts in demarcation. One need look no fur-
ther than the Census Bureau’s 1990 to 2000
census tract relationship files (http://www.cen-
sus.gov/geo/www/relate/rel_tract.html), which
show that 29.4 percent of the 66,304 unique
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2 A desire to create homogeneous units could lead
the committees, consciously or otherwise, to take
population composition into account when delineat-

ing tract boundaries. This tendency, which has
received official Census Bureau encouragement in the
past (White 1987:288–98), might serve initially to
align census geography with the metropolitan racial
landscape. Over time, however, residential mobility
and size-induced boundary adjustments erode the
original level of compositional coherence, generat-
ing significant racial diversity within many tracts
(for suggestive evidence, see Allen and Turner 1995;
Fasenfest, Booza, and Metzger 2004). Our main crit-
icism still stands: relying on any single type of bound-
ed unit—irrespective of the criteria used to define that
unit—obscures issues of scale in segregation research.
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tracts recognized nationwide in the 2000 Census
qualify as “significantly changed” (i.e., over
2.5 percent of their 2000 population would have
been located in a different tract based on 1990
boundaries). To its credit, the Census Bureau is
careful to acknowledge that it “establishes and
maintains census tracts solely for statistical pur-
poses” (U.S. Census Bureau 1997:16). This
warning, though, tends to be overridden by a
belief in tracts as standardized, quasi-neigh-
borhood units. We maintain the opposite: they
are rather arbitrary with respect to spatial size
(see also White 1987:286–300).

PROXIMITY

The way proximity is handled in conventional
segregation research has an element of arbi-
trariness as well. The difficulty with implicitly
assuming that residents of different tracts have
no proximity to each other can be seen in the
well-known “checkerboard” problem (Massey
and Denton 1988; Morrill 1991; White 1983).
This refers to the inability of the index of dis-
similarity and other common measures to dis-
tinguish between the settlement of two groups
in racially homogeneous but spatially alternat-
ing tracts (giving the metropolis a checkerboard
appearance) and a very different situation in
which all tracts occupied by each group are
clustered in large, separate racial communities
(dividing the metropolis into Black and White
sides of town). The D value calculated across
tracts would be identical (equaling 100) for
both patterns, despite the likelihood that the
everyday lives of residents would diverge under
the checkerboard and clustering scenarios (see
Section C of the Online Supplement).

Common segregation measures also fail to
distinguish among different locations within a
tract. That is, all tract residents are assumed to
have equal proximity to each other, even if
Whites and people of color occupy distinct
pockets inside tract boundaries and experience
minimal interracial exposure (Allen and Turner
1995). Turning to Figure 1 for illustration, this
means that Person 1 in Tract A is treated as liv-
ing as close to Persons 2 and 3 as these latter two
live to each other. Similarly, standard measures
such as D and P* ignore differences in the rel-
ative locations of 6, 7, and 8 in Tract C, con-
sidering them equidistant from one another and

subject to the same intraneighborhood racial
mix.

The special case of people located on oppo-
site sides of a tract boundary brings into sharp
relief the potentially misleading nature of the
proximity assumption built into most segrega-
tion studies. These people may literally live
across the street from one another, as Persons
2 and 4 do in Tracts A and B of Figure 1, yet they
are judged to be more distant than are individ-
uals who live relatively far apart but within the
same tract (such as 4 and 5 in Tract B). The
resulting measurement error can be understood
as a manifestation of the modifiable areal unit
problem (MAUP). The main message from
MAUP is that segregation measures that rely on
racial population counts for geographic subar-
eas will be sensitive to how subarea boundaries
are drawn. Levels of segregation are likely to
vary with subarea size (e.g., tracts versus block
groups), and they may be responsive to bound-
ary shifts, even if the number and size of sub-
areas are held constant (Openshaw and Taylor
1979; Wong 1997, 2004).

A SPATIAL APPROACH

LOCAL ENVIRONMENTS

For our purposes, two important conceptual
directions emerge from the foregoing critique.
The first is to move beyond arbitrary units such
as tracts, which capture the spatial circum-
stances of racial groups in crude fashion.
Following the lead of Reardon and O’Sullivan
(2004), we propose that segregation measure-
ment should recognize individuals’proximity to
each other in residential space. It then becomes
possible to think of segregation as the degree to
which the local environments of these individ-
uals—their egocentric neighborhoods—differ in
racial composition. Every person is assumed to
live at the center of a local environment whose
population reflects the proximity-weighted aver-
age composition of each surrounding point in
some larger geographic region of interest.
Nearby populations will likely contribute more
to the local environment than will distant ones;
hence the former are given greater weight. The
proximity-weighted racial composition of each
individual’s local environment provides the basic
input for calculating various types of segrega-
tion statistics.
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Figure 1. Census Tracts and Local Environments
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To better “see” what we mean by an egocen-
tric local environment, consider the smallest
concentric circle drawn around Person 5 in
Figure 1. This circle approximates 5’s immedi-
ate, walkable neighborhood, extending 500
meters in all directions irrespective of tract
boundaries. Even within such a modest-sized
environment, Person 5 probably will be more
influenced by the neighbors closest to her res-
idence, as the surface in the inset portion of the
figure depicts. Now envision creating a local
environment of the same radius for each of the
thousands of individuals living in Tracts A
through F. The proximity-weighted racial com-
position of those egocentric environments can
be used in place of census tract data to arrive at
spatially refined estimates of segregation.

SEGREGATION PROFILE

Note that our approach does not hinge on any
specific definition of local environment. As
shown in Figure 1, Person 5 might be posi-
tioned in the middle of several nested concen-
tric circles. Thus, a second novel conceptual
direction taken here involves examining and
comparing segregation across local environ-
ments of systematically varying size rather than
of a single size.3 Elsewhere, Reardon and col-
leagues (2008) introduce the segregation pro-
file, a tool well suited to this objective. The
profile is a curve showing the level of segrega-
tion by geographic scale in a given metropoli-
tan area. Each point on the horizontal axis of the
profile represents a local environment of a dis-
tinct radius. The profile conveys two key prop-
erties: the magnitude of segregation at a
particular scale (depicted by the height of the
profile on the vertical axis) and the extent to
which segregation changes with scale (depict-

ed by the slope of the profile). Figure 2 illus-
trates these properties, presenting Black–White
profiles for four metropolitan areas.

The value of the segregation profile becomes
apparent when one realizes that racial residen-
tial patterns vary across metropolitan areas in
ways that do not necessarily conform to tract
boundaries. Such variation gives rise to differ-
ences in what we term micro-segregation and
macro-segregation, that is, segregation meas-
ured at different geographic scales. In a metrop-
olis in which racial composition fluctuates
dramatically over short distances, micro-seg-
regation (measured using a small-radius defi-
nition of the local environment) will tend to be
higher than macro-segregation (measured using
a large-radius definition of the local environ-
ment) because larger local environments mask
the fine-grained racial distributions that exist
“on the ground.” In a metro area in which racial
composition changes little over short distances,
however, micro- and macro-segregation levels
will be more similar. That is, most of the micro-
segregation will be captured by the racial tex-
ture of large local environments, so that people
experience comparable levels of diversity (or
homogeneity) whether near or far from their
homes.4 The slope of the segregation profile
sheds light on these scalar relationships. It also
serves as the foundation for the macro–micro
segregation ratio and the net micro segregation
measure, which we formalize in the methodol-
ogy section.

In Figure 2, the Philadelphia and St. Louis
metropolitan areas both exhibit high levels of
Black–White micro-segregation, indicating that
there is substantial variation in the racial com-
position of the local (500m radius) environ-
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3 Previous investigators have employed multiple
territorial units—including some combination of
blocks, block groups, tracts, places (e.g., central
cities and suburbs), metropolitan areas, states, and
regions—to analyze segregation at different scales
(Farrell 2008; Fischer et al. 2004; Massey and Hajnal
1995; Wong 2004). Their work, while useful, is
restricted to census aggregations, the boundaries of
which may or may not adequately encompass the
residential patterns of interest. Moreover, as we have
seen with tracts, a single type of aggregation can
come in many sizes, rendering its “scale” uncertain.

4 For the sake of illustration, imagine a metro area
bisected by a wide river, with all Blacks living on one
side of the river and all Whites on the other side.
Micro-segregation would be high in this instance: the
racial mix of small local environments (either all-
Black or all-White) would differ markedly from that
of the metropolis as a whole, even though racial
composition on both sides of the river would not
change at all over short distances. In summary, there
is substantial micro-segregation, but it is due to vari-
ation in racial composition over long rather than
short distances. Later, we describe a decomposition
method that separates out the part of micro-segre-
gation attributable to larger-scale segregation.
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ments of individuals within these areas. St.
Louis, though, exhibits higher Black–White
macro-segregation (4,000m radius) than does
Philadelphia. The resulting flatter slope of the
St. Louis profile implies that more of the micro-
segregation in St. Louis is due to large-scale pat-
terns, with racial composition remaining stable
for longer distances. Alternatively, the steeply
declining profile for Nassau–Suffolk, New York
denotes the primacy of a fine-grained racial
landscape over a coarser, large-scale one.

IMPLICATIONS

The information summarized by these profiles
bears directly on the conclusions about segre-
gation drawn in descriptive research. Ponder, for
example, a question that underlies many stud-
ies: Which metropolitan areas are the most seg-
regated? Investigators routinely address this
question by ranking areas on the basis of their
tract-based D scores. Our approach raises the
possibility that a single rank order may not pro-
vide a satisfactory answer (see also Jargowsky
and Kim 2005; Wong 2004). Returning to Figure
2, Philadelphia tops St. Louis, Nassau–Suffolk,
and Jacksonville when Black–White segregation
is measured across small local environments,
while St. Louis is the most segregated of the four
at a large scale. In terms of segregation level, the
often-documented racial hierarchy (African
American > Hispanic > Asian) could be scale

dependent as well, at least in certain metro
areas.

Suffice it to say that the task of describing pat-
terns of residential segregation becomes more
challenging, but potentially more enlightening,
when geographic scale is taken into account. So
does the task of explaining segregation. On one
hand, studies of residential preferences (Charles
2005; Farley et al. 1994; Krysan and Farley
2002) seem geared toward micro-segregation,
although perhaps unintentionally. By asking
survey participants to react to cards that show
small hypothetical neighborhoods (15 housing-
units) of varying racial composition, these stud-
ies implicitly assume that the race of people
only in the immediate vicinity matters as a
household decides whether to enter the neigh-
borhood, leave it, or stay put.

On the other hand, structural analyses guid-
ed by Farley and Frey’s (1994) perspective
emphasize metropolitan-wide forces such as
functional specialization and minority group
size and socioeconomic status, which may con-
tribute to macro-segregation instead of (or in
addition to) segregation over shorter distances.
Other factors, including the local street net-
work (Grannis 1998) and institutional jurisdic-
tions (e.g., for schools, shopping centers, and
churches), could be relevant at multiple scales.
The point is that investigators ideally should
theorize residential segregation with a particu-
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Figure 2. Black–White Segregation Profiles for Selected Metropolitan Areas

Scale (m)
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lar geographic scale in mind. To date, however,
little has been learned about what predicts seg-
regation at scales different from that of the tract
(whatever the size of a tract happens to be),
and especially about whether the predictors of
micro- and macro-segregation are distinct or
the same.

METHODOLOGY

DATA

We use data from the 2000 Census to implement
our new approach. We extracted counts from
Summary File 1 to represent four mutually
exclusive racial/ethnic groups: non-Hispanic
Whites, non-Hispanic Blacks, non-Hispanic
Asians, and Hispanics of any race.5 Our analy-
sis focuses on the segregation of each of the last
three groups from Whites and on multigroup
segregation in the 100 metropolitan areas with
the largest populations at the time of the census.
We adhere to the 2003 Office of Management
and the Budget metropolitan def initions
throughout (Frey et al. 2004), although we break
down 11 consolidated metro areas (e.g., San
Francisco–Oakland) into their primary area
parts, which we treat as separate cases. The top
100 areas are listed in Section D of the Online
Supplement. They range in size from New
York–White Plains–Wayne (2000 population
of 11,296,377) to Scranton–Wilkes-Barre, PA
(560,625). Substantial proportions of all Whites
(55.7 percent), Blacks (69.5 percent), Hispanics
(78.2 percent), and Asians (85.9 percent) in the
United States live in the metro areas covered by
our sample.

GIS PROCEDURES

Consistent with the conceptual directions pro-
posed earlier, the construction of local envi-

ronment-based segregation measures requires
that we not rely on tracts. Instead, racial/ethnic
counts for blocks—the smallest available cen-
sus aggregations—provide the raw data from
which we estimate the proximity-weighted racial
composition of individuals’ local environments.
By reconfiguring the block data with GIS soft-
ware (Environmental Systems Research Institute
2006), it becomes possible to specify more pre-
cisely where members of the four racial groups
are located relative to one another. A truly
sophisticated spatial strategy would forego spa-
tial aggregation altogether in favor of distances
among households (for further discussion, see
Section E of the Online Supplement). Due to
confidentiality concerns, the Census Bureau is
unlikely to release the geographic identifiers
needed to pursue this strategy any time soon. We
thus seek to approximate it, building local envi-
ronments around small cells or parcels of each
block and assembling racial compositional data
from other cells within the concentric circle
defined by a given radius, as in Figure 1 (but
with cells replacing the numbered persons).

Because the GIS procedures for creating local
environments are complicated and have already
been described in detail elsewhere (Reardon et
al. 2008; Reardon and O’Sullivan 2004), we
offer only a brief summary. The initial steps
involve (1) superimposing a grid of 50m × 50m
cells on the census block map for a metropoli-
tan area, (2) using race-specific population den-
sities at the block level to estimate racial group
counts for every cell of each block, and (3)
smoothing the grid with Tobler’s (1979) pyc-
nophylactic method, which softens the sharp
changes in counts at block boundaries, yet pre-
serves total and race-specific counts within
blocks. We then compute the proximity-weight-
ed composition of the local environment of each
cell by taking the weighted average population
counts of the four racial groups in surrounding
cells. In line with White’s (1983) recommen-
dation, the particular function selected for this
purpose—a two-dimensional biweight kernel
function—incorporates a distance-decay
dynamic, assigning nearby cells more weight
than far ones on the assumption that spatial
proximity is correlated with interpersonal expo-
sure and interaction among residents. The
biweight kernel function approximates a
Gaussian (normal curve) shape, as represented
in the Figure 1 inset, but has the practical advan-
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5 We dropped all other groups, including persons
who report two or more races. One drawback of the
Summary File 1 data is that they encompass both
institutionalized and noninstitutionalized members of
each racial group. Given our need for block-level data,
however, no alternative exists. (Summary File 3
would allow us to restrict analysis to the noninstitu-
tional population, but it only provides counts down
to the block-group level.) We use block-level infor-
mation obtained from GeoLytics (2003).
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tage of being bounded by a fixed radius, reduc-
ing computation time. (Section F in the Online
Supplement offers additional coverage of tech-
nical issues.)

Systematic manipulation of the radius of the
proximity function produces racial composi-
tional data on local environments of varying
size. We calculate segregation levels for envi-
ronments with radii of 500m, 1,000m, 2,000m,
and 4,000m. We chose these radii with an eye
toward the nested nature of meaningful local
environments recognized in the past by com-
munity scholars (Suttles 1972; for a review, see
Chaskin 1994). The smallest of our environ-
ments (500m radius) resembles a pedestrian
neighborhood in which most activities—visit-
ing neighbors, walking the dog, taking children
to a park or playground—can be managed on
foot. At the other extreme, the 4,000m radius
translates into a macro-local environment of
nearly 20 square miles, larger than many sub-
urban municipalities and approaching (if not
surpassing) the maximum of what metropolitan
dwellers consider a neighborhood or commu-
nity. Recent evidence suggests that church par-
ticipation, shopping, socializing, and high
school attendance typically occur within such
a radius (Hu and Reuscher 2004; Sastry et al.
2002). The two intermediate local environments
correspond in rough fashion to institutional
jurisdictions (e.g., a police substation zone, an
elementary school or daycare service area).
Neighborhoods with 1,000m radii also come
closer to census tracts in size (3.1 km2 versus a
tract median of 2.6 km2 across the 100 sample
metro areas) than do the other environments
incorporated in our analysis.

SEGREGATION MEASURES

The statistic we use to measure segregation is
the spatial information theory index, symbolized
by H. Our preference for H is based on two
recent evaluations of segregation indices that
find both the spatial and aspatial versions of H
to be conceptually and mathematically superi-
or to the more popular index of dissimilarity D
(Reardon and Firebaugh 2002; Reardon and
O’Sullivan 2004).6 Like D, spatial H taps the

evenness dimension of segregation, but does
so by comparing the proximity-weighted racial
composition of individuals’ local environments
with the racial composition of the metropolitan
population as a whole. In particular, H tells us
how much less diverse, on average, the former
is than the latter. A value of 1 indicates that
each person’s environment is monoracial (max-
imum segregation); a value of 0 indicates that
each person’s environment has the same racial
composition as the metropolis (no segregation).
The interpretation of H remains the same regard-
less of the number of racial groups included in
its calculation. Indeed, H is attractive in part
because it can be extended in a straightforward
manner to multigroup segregation (Theil 1972;
for substantive applications with tract data, see
Farrell 2008; Fischer et al. 2004; Iceland 2004).
This allows us to analyze White–
Black–Hispanic–Asian H scores in addition to
the normal two-group variety.

Following the logic of the segregation profile,
we estimate H for combinations of racial groups
across the four types of local environments,
yielding H500, H1000, H2000, and H4000. We
complement these with two measures that relate
micro- and macro-scale segregation. The first
measure, the macro–micro segregation ratio
(H4000/H500), operationalizes the slope of the
profile, showing the proportion of small-envi-
ronment (500m radius) segregation due to large-
environment (4,000m radius) segregation. Our
second measure, which we label net micro seg-
regation, is a simple difference score: net micro
H = H500 – H4000. The net micro measure
indicates what part of the total segregation
among individuals’ small local environments
cannot be attributed to large-environment seg-
regation. That is, it facilitates the decomposition
of total small-environment segregation into
macro- and micro-scale components. Because
of this desirable property, net micro H is featured
when we assess potential structural antecedents
of segregation, while the H ratio proves most
helpful for describing basic segregation pat-
terns. Both measures are intended to distin-
guish between geographic scales, capturing the
degree to which segregation among small envi-
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6 In general, H is highly correlated with D and has
many of the same desirable properties (e.g., scale
interpretability, organizational/locational equiva-

lence, and group size/density invariance) but better
satisfies transfer and exchange criteria, which pertain
to how segregation scores should respond to the
movement of group members.
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ronments results from variation in racial com-
position over short or long distances.

RESULTS

DESCRIPTIVE PATTERNS

Table 1 presents mean H values and standard
deviations (based on our sample of 100 metro
areas) for racial group combinations across the
four local environments defined earlier. By way
of illustration, the .447 H value in the upper-left
corner of the table indicates that, on average,
both Black and White residents live in small
local environments (500m radius) that are 44.7
percent less diverse, or substantially more seg-
regated, in terms of their Black–White popula-
tion mix than is the surrounding metropolis as
a whole. A column-by-column reading affirms
the traditional racial hierarchy: Black–White
segregation exceeds Hispanic–White segrega-
tion, which in turn exceeds Asian–White seg-
regation.

More significant is the finding that geo-
graphic scale matters. Looking across the first
three rows, we see that the level of segregation
from Whites experienced by each minority
group declines as scale increases, due to the
more heterogeneous populations encompassed
by larger local environments.7 In concrete
terms, people of color typically encounter more
White residents within a 4,000m radius of their
homes than within a 500m radius. The

scale–segregation relationship applies to the
multigroup case as well. According to the bot-
tom row of the table, average
White–Black–Hispanic–Asian segregation is
over one-and-a-half times greater (i.e., multi-
racial diversity is considerably lower) in the
local environment with a 500m radius than in
its 4,000m counterpart.

If the H’s from the table were plotted as in
Figure 2, the segregation profiles for the four
combinations of racial groups would appear to
parallel one another, all sloping gradually down-
ward from left (500m local environment) to
right (4,000m local environment). They would
still differ in a notable respect, however. The
macro–micro segregation ratios, or H ratios
(measured as H4000/H500), in the fifth col-
umn of Table 1 are smaller for Hispanic–White
(.526) and Asian–White (.476) segregation,
translating into modestly steeper slopes. From
an interpretive standpoint, a steeper slope indi-
cates that racial composition varies more over
short distances, describing a pattern of micro-
segregation not well accounted for by macro-
segregation. In contrast, the Black–White
combination has the flattest slope (mean H ratio
= .611). Segregation drops off less between
these two groups because more of the variation
in Black–White composition occurs over greater
distances.

Indeed, it is the substantial level of
Black–White macro-segregation that appears
to underlie the high Black segregation regular-
ly documented in conventional tract-based stud-
ies. This fact, which is not well known, can be
highlighted through a simple hypothetical exer-
cise. Suppose we could reduce Black–White
segregation across 4,000m local environments
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Table 1. Mean Segregation Levels by Local Environment Size and Racial Group Combination

Scale-Specific Segregation
Macro–Micro 

Group Combination H500 H1000 H2000 H4000 Segregation Ratioa

Black–White .447 .403 .349 .279 .611
(.141) (.140) (.132) (.117) (.100)

Hispanic–White .282 .242 .200 .154 .526
(.086) (.086) (.082) (.072) (.148)

Asian–White .212 .168 .133 .103 .476
(.049) (.047) (.045) (.041) (.112)

White–Black–Hispanic–Asian .343 .304 .258 .204 .584
(.099) (.096) (.089) (.079) (.094)

Note: N = 100 metro areas; standard deviations are in parentheses.
a Operationalized as H4000/H500.

7 Similar aggregation effects for fixed spatial units
are reported in Taeuber and Taeuber (1969:220–31),
Van Valey and Roof (1976), and Wong (2004).
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to the same H4000 value observed for Hispanics
and Whites. Such equalization of Black–White
and Hispanic–White macro-segregation would
remove most of the difference in Black–White
versus Hispanic–White segregation at smaller
scales.8 The influence of large-environment
racial patterns is also evident in the mean H ratio
for the multigroup combination, which
approaches the magnitude of the Black–White
ratio.

The rough parallelism among the profiles
summarized in Table 1 suggests that by know-
ing how segregated a metropolis is at one geo-
graphic scale, we can infer its ranking across the
board (i.e., at all scales). Spearman rank-order
correlations among H500, H1000, H2000, and
H4000, calculated for the metro sample, would
seem to support this conclusion. For each com-
bination of racial groups, most of the correla-
tion coefficients are greater than .9. But for
Hispanics and Whites, the correlation between
H500 and H4000 equals .85, and the corre-
sponding Asian–White correlation is .81. These
somewhat smaller relationships leave open the
possibility that the ranking of metropolitan areas
could be affected by the size of the local envi-
ronment across which segregation is measured.
Wong (2004) addresses the same possibility
using tracts and blocks (see also Jargowsky and
Kim 2005).

Table 2 confirms that judgments about the
most segregated places are in fact sensitive to
scale for certain group combinations. To con-
serve space, we limit our attention to metropo-
lises with the 10 highest H scores based on the
smallest and largest local environments. The
Black–White and multigroup panels of the table
document some reshuffling of metropolitan
areas when H500 and H4000 values are com-
pared, yet there is also impressive overlap: eight
areas show up on both Black–White lists, and

nine appear on both multigroup lists. In the
Hispanic–White panel, however, Essex County,
Massachusetts, the metropolis with the highest
H500 score, drops off the most segregated list
at a 4,000m radius, as do four other areas. Los
Angeles–Long Beach–Glendale takes over at the
head of the H4000 list. Nontrivial shifting also
occurs in the Asian–White metropolitan rank-
ings. Beyond the top 10, an assessment of all
H500 and H4000 scores shows extensive flux.
With a jump from a 500m to a 4,000m radius,
the majority of metropolitan areas climb or fall
10 or more ranks in Hispanic–White (58 of 100
areas) and Asian–White (53 of 100) segregation.
This was foreshadowed by the Spearman cor-
relations in the preceding paragraph.

The lesson here, which census tract analyses
alone cannot convey, is apparent in the
Philadelphia/St. Louis and Nassau–Suffolk/
Jacksonville pairs of segregation profiles in
Figure 2. Because some metro areas are more
segregated at a micro scale while others are
more segregated at a macro scale, the slopes of
these areas frequently diverge to such an extent
that their curves cross. Crossing tends to be
easier when the distribution of segregation lev-
els is tightly packed, as in the case of
Hispanic–White and Asian–White segregation.
In that situation, no one metropolis will quali-
fy as the most segregated across all types of
local environments. A single candidate (Gary,
Indiana for Black–White segregation or
Detroit–Livonia–Dearborn for multigroup seg-
regation) is more likely to surface when profiles
are flatter and widely spaced, although specif-
ic metro rankings will still vary by scale.

DETERMINANTS OF SEGREGATION

The scale dependence of racial segregation pat-
terns leads to a logical follow-up question: Are
the determinants of segregation scale depen-
dent as well? In search of an answer, we turn to
the Farley and Frey (1994) framework. Although
this framework has been shown to have some
empirical validity for tracts and block groups,
it is unclear whether it accounts for levels of seg-
regation measured across different-sized local
environments. We initially evaluate the per-
formance of the Farley–Frey structural predic-
tors by regressing H500 through H4000 on them
in separate models for the four racial group
combinations. We then estimate models in
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8 Our claim here follows from the results in Table
1. For the 100 sample metro areas, the average
Black–White versus Hispanic–White difference in
H4000 is .125. This difference in H across 4,000m
local environments constitutes the majority of the dif-
ference in H across 500m environments (the mean
H500 difference is .165). Therefore, it seems plau-
sible that by setting macro-segregation equal, we
could drastically narrow, if not eliminate, the
Black–White versus Hispanic–White gap in micro-
segregation.
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Table 2. Most Segregated Metropolitan Areas by Local Environment Size and Racial Group
Combination

H500 H4000

Black–White

—.767 Gary, IN .606 Gary, IN 

—.737 Detroit–Livonia–Dearborn, MI .569 Detroit–Livonia–Dearborn, MI 

—.709 Chicago–Naperville–Joliet, IL .550 Chicago–Naperville–Joliet, IL 

—.683 Newark–Union, NJ–PA .509 Cleveland–Elyria–Mentor, OH 

—.674 Milwaukee–Waukesha–West Allis, WI .502 Newark–Union, NJ–PA 

—.666 New York–White Plains–Wayne, NY–NJ .500 St. Louis, MO–IL 

—.665 Cleveland–Elyria–Mentor, OH .498 Milwaukee–Waukesha–West Allis, WI 

—.662 Birmingham–Hoover, AL .465 Dayton, OH 

—.640 Philadelphia, PA .463 Birmingham–Hoover, AL 

—.620 St. Louis, MO–IL .426 Los Angeles–Long Beach–Glendale, CA 

Hispanic–White

—.469 Essex County, MA .315 Los Angeles–Long Beach–Glendale, CA 

—.464 Springfield, MA .303 Newark–Union, NJ–PA 

—.434 Hartford–West Hartford–East Hartford, CT .291 Camden, NJ 

—.433 New York–White Plains–Wayne, NY–NJ .287 Chicago–Naperville–Joliet, IL 

—.428 Philadelphia, PA .280 Hartford–West Hartford–East Hartford, CT

—.423 Los Angeles–Long Beach–Glendale, CA .277 Philadelphia, PA 

—.422 Camden, NJ .270 Detroit–Livonia–Dearborn, MI 

—.420 Newark–Union, NJ–PA .263 Bakersfield, CA 

—.411 Providence–New Bedford–Fall River, RI–MA .259 Milwaukee–Waukesha–West Allis, WI 

—.405 Boston–Quincy, MA .254 Oxnard–Thousand Oaks–Ventura, CA 

Asian–White

—.332 Baton Rouge, LA .214 New Orleans–Metairie–Kenner, LA 

—.323 Stockton, CA .209 Houston–Sugar Land–Baytown, TX 

—.321 New Orleans–Metairie–Kenner, LA .201 Los Angeles–Long Beach–Glendale, CA 

—.315 McAllen–Edinburg–Mission, TX .200 Bakersfield, CA 

—.303 Houston–Sugar Land–Baytown, TX .189 San Diego–Carlsbad–San Marcos, CA 

—.300 Bakersfield, CA .189 Stockton, CA 

—.298 Edison, NJ .187 Sacramento–Arden-Arcade–Roseville, CA 

—.283 Birmingham–Hoover, AL .186 Baton Rouge, LA 

—.279 Los Angeles–Long Beach–Glendale, CA .176 San Francisco–San Mateo–Redwood City, CA 

—.277 Greensboro–High Point, NC .170 Edison, NJ 

White–Black–Hispanic–Asian

—.613 Detroit–Livonia–Dearborn, MI .465 Detroit–Livonia–Dearborn, MI

—.592 Birmingham–Hoover, AL .398 Gary, IN 

—.529 Cleveland–Elyria–Mentor, OH .396 Birmingham–Hoover, AL 

—.520 Gary, IN .396 St. Louis, MO–IL 

—.520 Baton Rouge, LA .395 Cleveland–Elyria–Mentor, OH 

—.509 St. Louis, MO–IL .364 Dayton, OH 

—.499 Milwaukee–Waukesha–West Allis, WI .354 Milwaukee–Waukesha–West Allis, WI 

—.491 Chicago–Naperville–Joliet, IL .338 Chicago–Naperville–Joliet, IL 

—.488 Dayton, OH .311 Baton Rouge, LA 

—.488 Memphis, TN–MS–AR .311 Newark–Union, NJ–PA 
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which net micro-segregation, or net micro H,
serves as the dependent variable. Combined
with the results from the H500 and H4000 mod-
els, the net micro H regression coefficients
enable us to decompose each predictor’s total
influence on small-environment segregation
into portions associated with racial composi-
tional patterns occurring over short and long dis-
tances. We emphasize this decomposition
exercise because it offers a novel way to think
about the scalar complexities of segregation.

Most of the original Farley–Frey structural
characteristics are incorporated into the regres-
sion models, together with a few new ones from
studies testing revised versions of the framework
(Farrell 2005; Iceland and Nelson 2008; Iceland
and Scopilliti 2008; Logan et al. 2004;
Timberlake and Iceland 2007; Wilkes and
Iceland 2004). Two of the characteristics have
proven sufficiently influential in past research
to qualify as baseline predictors. First, we tap
the regional location of the sample metropoli-
tan areas with Northeast, Midwest, and South
dummy variables. The West is an appropriate
reference category due to its generally lower lev-
els of segregation and to the longer histories of
residential discrimination and exclusion in the
other regions. Second, we operationalize met-
ropolitan size as the logarithm (base 10) of total
population in 2000. Previous work shows that
metro size is positively related to segregation,
perhaps as a consequence of the established
minority enclaves and more competitive hous-
ing markets in larger areas.

We organize the remaining characteristics
into four sets of explanatory variables that depict
a metro area’s racial/ethnic composition, socio-
economic status, housing supply, and function-
al specialization as of the 2000 Census.9 We
hypothesize that segregation will rise with
minority group size, reflecting preferences for
own-group neighbors or, alternatively, the logic
of the group threat hypothesis (Blalock 1967).

Segregation should fall with minority status
advantages (in income and homeownership)
and the availability of new housing, which is less
likely than housing in older neighborhoods to
suffer from a racialized reputation. Finally, seg-
regation should be lower in metropolises that
specialize in functional domains known to value
racial equality (e.g., the military, government,
and higher education), but higher when the
retirement function dominates, presumably
because retirement communities are less afford-
able to minorities and are occupied by elderly
Whites who prefer racial homogeneity. Table A1
in the Appendix shows measurement details
and descriptive statistics for all 16 predictors.

Preliminary experimentation has led us to
pursue a hybrid model-building strategy. For
each combination of racial groups, we regress
each scale-specific segregation measure (H500,
H1000, H2000, and H4000) on the regional
dummies and metropolitan population size
simultaneously. We then allow predictors rep-
resenting the other explanations to enter in step-
wise mode if they are significant. Any predictor
that achieves significance in at least one scale-
specific equation is subsequently included in all
equations for that particular group combina-
tion. Thus, none of the models in Table 3 con-
tain the full complement of structural
characteristics, yet the models for each group
combination are specified identically, and all
models throughout the table share the baseline
predictors at a minimum. This strategy strikes
us as optimal, generating robust results in a
parsimonious manner while facilitating com-
parisons by scale.

The OLS regressions in the first four columns
of Table 3, which exhibit numerous significant
coefficients in the hypothesized direction, con-
firm the broad applicability of the Farley–Frey
framework.10 Some predictors, however, do not
enter the models for certain group combina-
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9 Because degrees of freedom are at a premium in
an analysis with only 100 cases, we omit some
Farley–Frey characteristics that register few signifi-
cant effects in past research (such as age of the met-
ropolitan area), and we treat other characteristics in
condensed fashion (e.g., a single measure of manu-
facturing specialization rather than separate durable
and nondurable manufacturing indicators).

10 It is technically inappropriate to use OLS regres-
sion for dependent variables such as ours, which
have a truncated range of values (0 to 1). However,
an inspection of residual plots for all group combi-
nations shows no major violations of regression
assumptions due to truncation. Also, both histograms
and skewness/kurtosis statistics suggest that, with
few exceptions, the scale-specific H’s and the net
micro H scores approximate normal distributions.
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tions (8 of the 16 are omitted from the
Black–White models and 6 of 16 from the rest).
And despite the cross-scale importance of many
predictors, some achieve statistical significance
only at certain scales (e.g., the income and home
ownership variables in the Hispanic–White
equations and metropolitan population in the
multigroup equations). Only two pairs of equa-
tions in the table (Black–White H500 and
H1000 and Asian–White H1000 and H2000)
include exactly the same significant coefficients
with the same signs. The proportions of variance
explained in H500 through H4000, which tend
to be greatest for the Black–White and multi-
group combinations, taper off moderately as
scale increases. Asian–White R2’s constitute
the sole exception, growing in magnitude as
one moves from small- to large-radius local
environments.

REGRESSION DECOMPOSITION

Overall, the contrasts in the left half of Table 3
are sharpest between the H500 and H4000 mod-
els for all group combinations, whether focus-
ing on R2’s or significant predictors. Recall,
though, that some portion of the variation in
H500 may reflect the macro-scale racial texture
of a metropolis. This is where our net micro-seg-
regation measure proves useful. Net micro H
refers to the part of total segregation among
individuals’ small local environments that is
not attributable to large-environment segrega-
tion (net micro H = H500 – H4000). If we fit
the same regression model for net micro H as
we already have for H500 and H4000, we can
easily show that the regression coefficients from
the net micro H and H4000 models will sum to
the coefficients in the H500 model (i.e., for
each predictor, B500 = B4000 + net micro B).
This allows us to calculate how much of the
overall effect from some predictor x on small-
environment segregation (B500) is due to the
association between x and macro- or large-envi-
ronment segregation (B4000/B500), and how
much is due to the association between x and any
micro-segregation existing on top, or net, of
the large-environment patterns (net micro
B/B500). These macro and micro components
from the decomposition of the H500 coeffi-
cients are reported in the last two columns of
Table 3, immediately after the net micro-seg-
regation models in the fifth column (for a proof

of the regression decomposition, see Reardon
and Yun 2001).

Selected Black–White results (top panel)
nicely convey the value added by our decom-
position approach, identifying five possible
relationships between the predictors of small-
and large-environment segregation. First, as in
the case of metropolitan population size, the
signif icant impact of a predictor on
Black–White H500 may be completely account-
ed for by the predictor’s association with the
large-scale racial patterning manifested in
H4000. (Note the insignificance of the metro
size coefficient in the net micro-segregation
model and the dominance of the macro com-
ponent over the micro component in columns 6
and 7.) A second possibility is apparent for the
proportion Black measure, which, like metro
size, positively and significantly influences
H500 primarily through macro-scale patterns
but, unlike metro size, also registers a signifi-
cant effect on net micro H.

Functional specialization as a retirement cen-
ter represents a third possibility. Its effects on
both H500 and net micro H are positive and sig-
nificant, with the former effect consisting of
roughly equal macro and micro components.
The fourth possible scenario, illustrated by the
Northeast dummy variable, occurs when the
coefficients in the H500 and net micro H mod-
els are significant and comparable in magnitude.
This means that the region’s influence on H500
is not a product of its association with large-
environment segregation. Fifth and finally, a
characteristic such as proportion Hispanic may
shape Black–White segregation only at more
macro-geographic scales, having no relevance
to either H500 or net micro H.

One key insight from Table 3 concerns the
impressive frequency of the first two scenarios,
when the impact of a Farley–Frey predictor on
small-environment segregation is driven pri-
marily, if not entirely, by its connection to racial
residential patterns evident across greater dis-
tances. The multigroup results (bottom panel)
communicate this insight most clearly. Of the
eight significant predictors of White–Black–
Hispanic–Asian segregation in the H500 model,
three (proportion Hispanic, proportion foreign
born, and new housing construction) do not
influence net micro-segregation, and another
four (Midwest location, proportion Black, and
retirement and military functional specializa-
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tions) operate mainly via their association with
macro-segregation (see columns 6 and 7). One-
half of the significant H500 predictors from
both the Black–White and Hispanic–White
models experience a similar fate.

Measures of metropolitan racial composi-
tion stand out because they consistently affect
segregation through macro-scale processes.
Each minority group appears more segregated
from Whites within every type of local envi-
ronment when its members constitute a larger
proportion of the metro population, but this
relationship can be traced to racial patterns at
the macro level. We suspect that sizeable minor-
ity concentrations facilitate the development of
spatially expansive ghettos, barrios, and
enclaves. Similarly, the positive influence of
metropolitan population size on smaller-scale
segregation is due to its association with macro-
segregation (H4000). This finding, which holds
across all group combinations, takes an inter-
esting twist in the Asian–White and multigroup
cases: the coefficient for metro size in the net
micro H model is significantly negative, indi-
cating that larger metropolitan areas have less
micro-scale racial variation than do smaller
areas. Perhaps as size increases, fine-grained
differentiation of urban space becomes imprac-
tical or unnecessary, and racial patterns within
subregions give way to differences between
them.

What explains variation in net micro-segre-
gation, that is, the portion of H500 not due to
the distribution of racial groups across 4,000m
environments? According to the results in the
right half of Table 3, regional location plays an
important role. For all group combinations,
metropolitan areas in the Northeast and the
South are more micro-segregated than their
Western counterparts, usually because of small-
er-scale, localized fluctuations in racial com-
position. The Midwest exhibits higher
micro-segregation as well, although the
Midwestern influence—limited to Black–White
and multigroup segregation—has both local
(micro) and macro components, with the latter
dominating.

Minority home ownership is another signif-
icant determinant of net micro-segregation
among Hispanics and Asians: as the proportion
of owners in each group rises, their segregation
from Whites declines. This negative effect,
which confirms the neighborhood access-

enhancing benefits of socioeconomic advan-
tage, has both micro- and macro-scale compo-
nents but is rooted more firmly in the former.11

Net micro-segregation is also influenced by
metropolitan functional specialization as a
retirement center. Both Black–White and multi-
group micro-segregation scores tend to be ele-
vated in senior citizen–oriented metro areas, a
finding that may reflect the racial attitudes of
older Whites and the economic selectivity of
many retirement communities. Military spe-
cialization has the opposite effect, lowering
multigroup micro-segregation in metropolises
that boast a large military presence. Yet it does
so more through its association with large-scale
rather than small-scale racial patterns. Indeed,
in the Black–White case, the negative effect of
military specialization on H4000 is sufficient-
ly strong to preclude any significant effect on
net micro-segregation. This link to variation in
racial composition across greater distances
could be a manifestation of how the armed
forces’ “equal opportunity” commitment plays
out in metropolitan-wide housing markets.

Macro-scale processes are further evident
from a comparison of the manufacturing coef-
ficients in the Hispanic–White H4000 and the
net micro-segregation models: manufacturing
specialization heightens Hispanics’ large-envi-
ronment segregation (but not micro-segrega-
tion) from Whites. One tentative interpretation
is that the modest wages from employment in
“sweatshop” industries may restrict Hispanics
to sprawling working-class residential districts
with a heavy co-ethnic presence, as typified by
East Los Angeles.

In summary, the models in columns 4 and 5
of Table 3 allow us to tell a more nuanced story
about racial segregation than has heretofore
been possible. The Farley–Frey framework
explains large-scale segregation (H4000) pri-
marily in terms of metropolitan population size
and minority group representation. However,
net micro-segregation is due, for the most part,

SEGREGATION AND SCALE—–783

11 The ratio of minority-to-White income, a more
direct socioeconomic status measure, only shapes
Asians’ net micro-segregation, and it takes an unex-
pected (positive) sign. We speculate that relatively
affluent Asian populations may self-segregate, inso-
far as their members are better able to fulfill own-
group residential preferences.
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to regional differences, with home ownership
rates of secondary importance for some group
combinations. A few forms of functional spe-
cialization have scattered effects on micro- and
macro-segregation. Interestingly, nontrivial pro-
portions of variance can be accounted for at
both geographic scales, but distinct sets of struc-
tural predictors are responsible.12

COMPARISONS WITH ASPATIAL MEASURES

The worth of any new approach can be weighed
in part by comparing it with conventional prac-
tice. Here, the issue is whether our analysis of
segregation across flexible local environments
yields lessons beyond those from research that
relies on fixed spatial units such as census tracts.
The most direct comparison would contrast
results for the spatial version of the information
theory index (the H statistic featured in previ-
ous sections) with those for its aspatial coun-
terpart calculated for tracts. But the dominant
position of the index of dissimilarity (D) in the
residential segregation literature suggests that
stacking up spatial H against tract-based D also
has merit, even though H and D do not capture
the evenness dimension of segregation in iden-
tical fashion. To be on the safe side, we pursue
both types of comparisons in a brief reexami-
nation of our principal findings.

With respect to segregation patterns, the aspa-
tial H means for each group combination (not
shown) closely mirror those for H2000 in Table
1. Likewise, the means for D adhere to the same
order that we documented for spatial H, with
Black–White segregation highest, Asian–White
lowest, and Hispanic–White intermediate.
Although Spearman rank-order correlations
between spatial H and the two aspatial measures
(calculated across metropolitan areas) show a
strong correspondence overall, H500 and H4000
exhibit few correlation coefficients with aspa-

tial H and D that reach .9. In race-specific terms,
the Asian–White coefficients are consistently
more modest than those for the rest of the group
combinations, falling in the .77 to .89 range.

As the less-than-perfect correlations hint,
rankings of individual metro areas differ by
type of segregation measure. Proceeding con-
servatively, we compared the 10 metropolises
that have the highest tract-based D scores with
the top 10 on H1000 (see Table 2), the scale-spe-
cific measure with which D is most strongly
associated. The Asian–White rankings from this
exercise are instructive. Baton Rouge, the metro
area with the highest D, ranks third on H1000,
and Boston–Quincy and Pittsburgh (the second
and third highest D’s) rank 16th and 18th,
respectively, on H1000. Meanwhile, New
Orleans, at the top of the H1000 standings, does
no better than seventh on D. Similar contrasts
in rank exist for other racial group combinations
and between spatial and aspatial H top 10 lists.
These contrasts grow more pronounced when
tract-based D and H values are compared with
H’s calculated across the smallest and largest
local environments.

Finally, our scale-specific analysis of segre-
gation determinants in Table 3 can be juxta-
posed with similar stepwise regressions in which
tract-based H and D serve as the dependent
variables (see Section G of the Online
Supplement). For Black–White and
Hispanic–White segregation, the results from
these tract-based regressions overlap substan-
tially with the H500, H1000, and H2000 mod-
els, in terms of both variance explained and
predictors identified. More intriguing, howev-
er, are the numerous points of divergence. For
example, the significant determinants of aspa-
tial H and D bear only limited resemblance to
those of either large-environment segregation
(H4000) or net micro-segregation for all group
combinations. In the Asian–White case, none of
our scale-specific models resemble the aspatial
models. Overall explanatory performance
diverges as well: the R2’s obtained in the
Hispanic–White and Asian–White net micro-
segregation equations surpass the aspatial H
and D R2’s for the same groups by 5 to 15 per-
centage points. Such comparisons reinforce the
value of being able to distinguish between
macro-segregation and net micro-segregation,
the predictors of which may differ.

784—–AMERICAN SOCIOLOGICAL REVIEW

12 The limited overlap among predictors should not
come as a great surprise, given the modest correla-
tions between net micro-segregation (net micro H)
and macro-segregation (H4000). For Blacks and
Whites, r = .28; for Hispanics and Whites, r = .03;
for Asians and Whites, r = .02; and for the multigroup
combination, r = .34. The correlation between net
micro H and H500 is larger but still moderate in
magnitude (mean r across all group combinations =
.57).
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CONCLUSION

Our spatially refined treatment of racial segre-
gation offers a promising way to address the
scale and proximity challenges faced in research
that relies on tracts or other fixed census aggre-
gations. Nevertheless, a critic might reasonably
ask whether the new approach is worth the
effort, given that many previous conclusions
about segregation appear to be supported. In
response to such a critic, consider the well-
known fact that Black–White segregation
exceeds that of other group combinations. Our
analysis confirms this but shows further that it
is due mainly to how Blacks and Whites are dis-
tributed across large subregions of a metropo-
lis. That is, macro-segregation contributes more
to Black–White segregation than to
Hispanic–White or Asian–White segregation
among small local environments.

Another amply documented finding, the
influence of regional location, proves to be more
complicated upon closer inspection. As hypoth-
esized, segregation tends to be higher outside the
West, but our regression decomposition identi-
fies different dynamics at work by region: small-
er-scale racial variations are responsible for
higher net micro-segregation in Northeastern
and Southern metro areas, whereas macro pat-
terns drive Midwestern micro-segregation. Of
broader importance are the distinct sets of sig-
nificant predictors in columns 4 and 5 of Table
3, which highlight the extent to which the expla-
nation of segregation depends on geographic
scale. By proceeding at multiple scales, addi-
tional insights can be gained that enrich the
results from conventional scholarship.

A critic could also question the practicality
of our approach because of its complex, com-
putationally intensive nature. The good news is
that we have established a Web site
(www.pop.psu.edu/mss) for anyone who wish-
es to study segregation with the methods
described here. A user guide, estimated run
times, and our SpatialSeg program (in Visual
Basic for Applications code, with ArcGIS imple-
mentation) are accessible through a download
link at the Web site. The program, which
requires data and shape files as input, offers
numerous options for customizing one’s analy-
sis, including decisions about local environ-
ment size, group combination, and segregation
statistic (e.g., H, D, P*).

While flexible, the program is not without
limitations. It assumes, for example, that all
people can move freely throughout their local
environments despite the irregular distribution
of highways, railroad tracks, parks, bodies of
water, and other barriers. Research by Grannis
(1998) underscores the fallacy of this assump-
tion, suggesting that discontinuities in local
street networks may affect racial housing pat-
terns (for a similar argument about railroad
tracks, see Ananat 2007). In principle, the
increasing availability of spatial databases, cou-
pled with enhancements to our program, should
allow us to incorporate a variety of barriers in
the future so that segregation scores can be cal-
culated across more realistic terrains.

Another step toward heightened realism would
entail reconceptualizing proximity to better
reflect social rather than physical (Euclidian)
distance. If social distance is partly a function of
metropolitan development patterns, then local
environments of identical physical size in, say,
New York (a compact, densely settled metropo-
lis) and Nashville (more spread out) may not be
directly comparable. On average, more “action”
of all kinds—businesses, institutions, and hous-
ing units—will be packed into the New York
egocentric neighborhood, a fact that could
obscure fine-grained variations in racial com-
position even within a 500m radius. In Nashville,
the preponderance of single-unit dwellings and
large lots yields fewer potential neighbors
(whether of the same or a different race) at every
scale. Alternative proximity functions based on
population density or travel time could help
build social distance into our approach, although
implementation of these metrics remains daunt-
ing.

An even greater need exists for scale-specif-
ic theorizing about segregation, a task beyond
the scope of this article.13 By way of preview,
however, we propose that micro- and macro-seg-
regation (and the relation between the two)
should be conceived as the product of forces
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13 This need occasionally receives attention in
other substantive areas. Hipp (2007), for example,
considers which geographic scale is most appropri-
ate for understanding the effects of neighborhood
characteristics on perceived crime and disorder,
although his analysis is limited to fixed census units
(blocks and tracts).
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capable of carving up territory inside metro-
politan boundaries. A good place to start is the
natural environment, whose topographic (e.g.,
hills, valleys, ridges) and hydrologic (e.g., rivers,
lakes, bays) features establish the broad contours
within which other, human-generated, influ-
ences on segregation operate.14 Among the
human influences we have in mind are (1) the
transportation grid, (2) housing policies and
practices (e.g., zoning, actions of lenders and
real estate agents), (3) the degree of fragmen-
tation among school districts, municipalities,
and similar jurisdictions, (4) the spatial distri-
bution of employment nodes and nonresidential
land uses, and (5) different types of residential
preferences (e.g., for neighborhood racial
homogeneity, nearness to work, or a particular
housing size or style). Like the natural envi-
ronment, each of these factors differentiates the
metropolis to a greater or lesser extent. Finer dif-
ferentiation—a metropolitan “jigsaw puzzle”
comprising numerous small “pieces” of mean-
ingful space—should increase the likelihood
that racial composition changes over shorter
distances and that micro-segregation prevails.
Conversely, fewer large puzzle pieces portend
a macro-segregated scenario in which varia-
tions in the racial mix are manifested across
larger local environments, all else being equal.

Of course, all else may not be equal.
Conventional research and our own results, for
instance, demonstrate that when Blacks,
Hispanics, or Asians constitute a high propor-
tion of the metro population, they are more seg-
regated from Whites. But what if we also knew
something about how members of a minority
group are spread throughout a metropolis? If a
group is extensively suburbanized, implying
that members have gained entry to desirable
housing and neighborhoods, we might anticipate
diminished levels of segregation. Moreover, the
simple fact of dispersion may produce a segre-
gation profile marked by a flatter slope (assum-
ing that racial composition achieves stability
over longer distances) or by a steeper one

(assuming that suburbanized group members
recongregate in homogeneous yet decentral-
ized enclaves). The message here is that spatially
specific information about potential indepen-
dent variables could be helpful for fleshing out
a scale-tuned theory of segregation.

As theoretical work progresses, more thought
must also be devoted to the consequences of
racial segregation by scale. The evidence sum-
marized earlier concerning metropolitan varia-
tion in micro- and macro-segregation takes on
added significance insofar as the consequences
of these types of segregation differ across cat-
egories of residents. At the extremes of the age
continuum, the restricted mobility of young
children and the elderly hints that their exposure
to smaller local environments may have fateful
effects on health, safety, and other dimensions
of well-being. Teenagers’ educational perform-
ance and their attitudes and behaviors may be
responsive primarily to intermediate-sized local
environments that approximate middle school
or high school attendance zones. For mobile,
working-age adults, the often far-flung nature
of jobs should make macro-environments espe-
cially salient. Whether most racial groups, or
most members of any racial group, experience
the same age- and scale-specific outcomes of
residential segregation remains an open ques-
tion. It is this kind of question, though, that
should motivate efforts to pursue a spatially
nuanced understanding of the phenomenon.

Note that the implications of our approach
extend past racial segregation per se. We are cur-
rently in the process of developing scale-sensi-
tive measures of income segregation (Reardon
et al. 2006), and life-cycle segregation deserves
attention as well. More generally, the replace-
ment of tracts with egocentric local environ-
ments allows investigators to think in a precise
manner about the links between inequality and
neighborhood circumstances: namely, how the
nested settings that surround one’s home can
shape both exposure to risk and access to oppor-
tunity. Downey’s (2006) GIS-based analysis of
racial and income differences in proximity to an
environmental hazard (industrial pollution) nice-
ly exemplifies the risk orientation, which could
also be applied to crime, undesirable land uses
(e.g., vacant lots or abandoned buildings), and
similar indicators of disorder.

On the opportunity side of the coin, a house-
hold’s quality of life is likely affected to some
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their distinctive natural settings (think Seattle, San
Francisco, Cincinnati, Pittsburgh, or Boston) will be
more micro-segregated and less macro-segregated
than their metropolitan counterparts situated on flat-
ter, relatively featureless ground.
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extent by the institutional resources (e.g.,
schools, churches, grocery stores, health clin-
ics, and daycare centers) available nearby
(Matthews, Detwiler, and Burton 2005; Sastry
et al. 2002; Zenk et al. 2005). Determining what
“nearby” means in local environment terms for
each type of resource (or risk) and social group
strikes us as a crucial issue across a range of sub-
stantive topics. Fortunately, the prospects for
resolving this issue should continue to improve
as spatially flexible concepts and methods of the
sort introduced here, together with a growing
supply of geocoded data, permit sociologists
to move beyond the census tract.
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