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A recent wave of scholarship examines the ways that daily activity spaces contribute to the experience of racial
and ethnic segregation in large cities. In this paper, we take a different approach, leveraging administrative data
on the residential and workplace locations of employees in large American metropolitan regions to examine daily
and annual fluctuation in multiscalar segregation. In each MSA we measure racial and ethnic segregation in lo-
cal residential and workplace “egohoods,” defined as the set of census blocks accessible within a 25 minute walk
along the pedestrian transportation network. We then construct multiscalar segregation profiles by increasing
the travel bandwidth and re-computing our segregation index. Measuring the gap between residential and work-
place segregation statistics at each scale reveals the extent that residential locations play in exacerbating urban
segregation, and the role that daily commuting plays in overcoming these patterns to achieve temporary integra-
tion. Repeating this process for each year between 2010 and 2017, we quantify the variance in segregation levels
over time for each location and at each spatial scale. Our results show that during work hours, the vast majority
of cities are highly racially integrated at all spatial scales, thanks to the cosmopolitan nature of urban labor mar-
kets, but daily transport patterns and persistent residential segregation work to overcome this temporary state
of togetherness, leaving most neighborhoods deeply segregated at night and on the weekends, particularly at
smaller spatial scales. We interpret these findings in light of recent COVID-related trends that include increased
teleworking and a return to suburbanization.
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INTRODUCTION

Racial segregation is alamented but persistent feature of most neighborhoods in urban America. The
negative consequences of segregation have been studied in great detail over the last several decades,
with most scholars agreeing that continuing segregation contributes to persistent economic inequal-
ity between major racial groups. Despite lively interest and a great deal of research, however, there
remains much unknown about the spatial scales or time periods over which segregation changes, and
the ways these changes impact the daily lives of metropolitan residents. Recent work using activity
tracking, e.g. by Sampson & Levy (2020) and Kwan (2015) helps demonstrate that the experience of seg-
regation can vary dramatically throughout the course of a day, thanks to disparate activity patterns,
but while these studies are illuminating, we argue there is a need to understand how these trends
are evolving over moderate time spans, for example how the experience of daily segregation changes
from over the course of a typical day, or from year to year—and over which spatial scales.

To address this gap, we use eight years of annual Census block-level data from the thirty largest
Metropolitan Statistical Areas (MSAs) in the United States to examine the space-time dynamics of res-
idential and workplace segregation. Following Kim & Hipp (2019), we rely on the concept of egohoods,
which we term “neighborhoods” for home locations and “laborhoods” for workplace locations. We de-
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fine a local egohood as the set of census blocks reachable within a specified walk commute along the
pedestrian transportation network from the centroid of a focal block. Proceeding, we first construct
multiscalar segregation profiles for every MSA in the United States for both home and workplace ego-
hoods. Following prior work, we use the Spatial Information Theory Index (H) with increasingly large
bandwidths for our egohoods.

We repeat this process for each year between 2010 and 2017, measuring the difference between
home and workplace segregation at each scale. This yields a rich set of analytics that describe how
measured levels of segregation fluctuate over space and time for each MSA at multiple spatial and tem-
poral scales. These metrics are easily interpretable as a set of data visualizations, the first of which
are line graphs, where the shape of each segregation profile describes the geographic scale of neigh-
borhood and laborhood segregation in each MSA, and the distance between each curve describes the
increase or decrease in segregation at different scales between consecutive years. Meanwhile, the
distance between the neighborhood and laborhood curves describes the changing context of segrega-
tion individuals experience over the course of a typical day. To capture this distance between neigh-
borhood and laborhood curves, we introduce the segregation commute gap statistic, which quantifies
the role that daily commute patterns play in maintaining segregation. Finally, we use the coefficient
of variation to measure annual fluctuation in segregation at each scale, and together these measures
provide unique insight into the pulse of American cities over different time periods and spatial scales.

Our results show that the experience of segregation is highly dependent on space and time, and
these factors interact uniquely for each demographic group in each metropolitan region of our study.
Most cities are segregated by night and integrated by day, a pattern that appears to be changing little
over time. When segregation changes, it does so in heterogeneous ways depending on the social and
economic characteristics of each metro, but there is some evidence that residential segregation is
most variable at smaller scales whereas workplace segregation is most variable at larger ones. In what
follows we describe the importance of considering a dynamic look at urban segregation and after the
presentation of our results we unpack their implications for both the science and policy of cities.

SEGREGATION THROUGH SPACE AND TIME

Although there is an expansive literature on both segregation measurement techniques and their
applications, the body of work focusing on segregation dynamics (in either spatial, temporal, or spa-
tiotemporal dimensions) is dramatically smaller by comparison. Most existing work on temporal dy-
namics highlights long-term trends over the course of two or more decades (Massey, 2020), work on
spatial dynamics is limited to a small handful of empirical studies (Fowler, 2016; Reardon et al., 2009,
2008), and work on spatiotemporal dynamics is an even smaller cross-section of the research record.
Temporal segregation dynamics examine how one or more segregation measures change over
time for a given (static) location. A common strategy for studying temporal segregation dynamics is to
examine how the value of a segregation index changes over one or more time periods using decennial
census data (Madden & Ruther, 2018; Massey, 1978; Massey, 2020), or other long-term databases such
as the Panel Study of Income Dynamics (Lee, 2017). More recent work focuses on much higher tem-
poral granularity, using high-resolution data to examine temporal trends over the course of a given
day. For example Dannemann et al. (2018) use cell phone Data, Sampson & Levy (2020) and Wang



et al. (2018) use social media data, and Park & Kwan (2018) and Zhang et al. (2018) use GPS-based
temporal activity tracking measure fluctuating patterns in exposure to segregated spaces through-
out the course of a day. In France, Le Roux et al. (2017) use travel diary data for 25,000 Parisians to
study segregated activity spaces. This work is insightful but limited by two critical drawbacks. First,
the focus on decennial or daily fluctuations in segregation statistics overlooks the relevance of crit-
ical moderate-term change on an annual basis. Second, the use of novel data sources such as social
media posts and cellphone tracking information, while innovative, introduce a host of issues regard-
ing data quality that include questions of representativeness, measurement error, and potential for
unexplored bias, given that the data are taken from nonrandom samples.

Spatial segregation dynamics examine how one or more segregation measures change over a
range of spatial scales for a given (static) timeframe. Early work on the role of space in the mea-
surement of segregation is given by Reardon et al. (2008) who introduce the multiscalar profile
showing how the multigroup Spatial Information Theory index changes value as a function of the
distance used to define a local neighborhood. Following, a major contribution is given by Lee et al.
(2008), who calculate multiscalar segregation profiles for 100 metropolitan regions in the United
States, finding that the “northeast and the South are more micro-segregated than their Western
counterparts, usually because of smaller-scale, localized fluctuations in racial composition.” Catney
(2018) follows a similar strategy for the British context, constructing multiscalar profiles for Isolation
and Dissimilarity. Both studies rely on Euclidean distance calculations, concluding that “alternative
proximity functions based on population density or travel time could help build social distance into
our approach, although implementation of these metrics remains daunting.” (Lee et al., 2008, p. 17).

Osth et al. (2015) share that perspective, advocating a K-nearest-neighbors approach to calculate
local egocentric neighborhoods, focusing on population size rather than distance threshold to define
the scale of a local neighborhood. Today, however, the computational burden of constructing these
metrics is considerably lower, and both travel network data (such as OpenStreetMap) and fast rout-
ing algorithms are both publicly available and easy to use. Roberto (2018) provides a useful example
of more complex and behaviorally-realistic ways of incorporating space in segregation indices by as-
suming that interpersonal exposure is conditioned on travel networks, showing the clear impact that
considering infrastructure can play in segregation measurement and the motivation for incorporat-
ing network analysis into spatial segregation metrics.

Spatiotemporal segregation dynamics examine how segregation measures fluctuate across spatial
scales for multiple time frames. The literature on spatio-temporal segregation dynamics is sparse,
but a classic example is given by Massey & Hajnal (1995) who examine how the Dissimilarity and
Isolation statistics change from 1900 to 1990 over four geographic scales. More recently, Charles
(2003) expanded on this work, using a similar strategy to examine temporal variation at the MSA level
for multiple measures and racial groups over the 1980-2000 period. These studies highlight modest
but substantive declines for certain aspects of black segregation, but increases for other indexes and
racial groups. Most often, however, scholarship in this vein relies on data collected at coarse spa-
tial and temporal scales, typically tract-level decennial census data. In an important innovation in
spatiotemporal dynamics, Reardon et al. (2009) calculated multiscalar segregation profiles and ex-
amined differences between profiles generated from 1990 and 2000. Following, Fowler (2016) used a
similar strategy to calculate segregation profiles for decennial census data in the Seattle metro region.



Here, we extend these works to include more locations, annual-level frequency, and measurements
for both home and work segregation statistics.

NEIGHBORHOODS AND LABORHOODS: TEMPORAL PARTITIONING OF URBAN SPACE

With respect to temporal segregation dynamics, we argue a critical distinction on the experience of
urban space is the difference between daytime population centers and nighttime population centers.
Aside from commutes, errands, and other activities, adults spend the vast majority of their day time in
their workplace locations, whereas children spend it at their local schools. At night and on the week-
ends, both children and adults spend time in their homes (or using their home locations to base their
activity spaces). Rather than measuring the full scope of individual-level activity patterns, therefore,
we argue that developing measures based on home and workplace locations—what we term “neigh-
borhoods and laborhoods”—provides a revealing examination of temporal changes in the experience
of segregation, for which data are both readily available and well-measured. We are not the first to
observe the importance of contrasting home and workplace segregation; indeed, “the issue of night-
time and daytime populations is of growing interest in measuring segregation... [and Osth, Clark, and
Malmberg] note that using workplace data it would be possible to measure what are essentially day-
time levels of segregation” (Osth et al., 2015, p. 41).

Toward these ends, some existing work examines daytime/workplace segregation and its impli-
cations for studying urban environments. For example Ellis et al. (2004) show that workplace segre-
gation was considerably lower than residential segregation in 1990 Los Angeles, and the difference
varied across racial groups, and Wang (2010) use long-form census data from 2000 to examine the
impact of labor market segregation for Chinese immigrants in the Bay Area. In the European context,
Tammaru et al. (2016) use Swedish long-form data to study residential and workplace segregation
for recent immigrants, using regression models to demonstrate a weak connection between the two.
Further, they show that residential segregation and intermarriage among new immigrants in Sweden
has differential effects for men than for women. Regardless of the specific findings in the Swedish
context, Tammaru et al. (2016)’s work demonstrates the clear need to understand the dynamic con-
nection between workplace and residential segregation levels.

Our review of the limited scholarship on spatiotemporal segregation dynamics shows existing
work embodies a tradeoff between spatial and temporal precision. When studies examine detailed
spatial or temporal changes in segregation, they do so for a single metropolitan area and/or limited
time-scales; when high-resolution temporal data are used, spatial coverage is neglected, given high
financial and labor costs for data collection; when high resolution spatial data are used, temporal cov-
erage reduces to decadal censuses. Furthermore, when more realistic and measures such as network
distance are incorporated into the analysis, spatial and temporal scopes reduce even further. We are
interested in the ways that daily levels of segregation have changed over multiple spatial scales, and in
turn, how those daily measures (at each scale) evolve on an annual basis. We also want to understand
whether these patterns are consistent in metropolitan regions across the country and for different
ethnic groups.

Toward these goals we find several areas for improvement. In the spatial case, there is a need
for measures that incorporate more realistic concepts of neighborhoods and activity spaces. In par-
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ticular, the literature indicates a need for measures that account for topography, and transportation
networks. Progress toward these ends is provided by Roberto (2018), but remains limited in scope and
is not reproducible. Here, we provide a computational method for measuring segregation that uses
network analysis to construct “egohoods,” (Hipp et al., 2012) which measure bespoke neighborhoods
at several scales, and we provide simple, open-source code for replicating our method and applying
it elsewhere. Further, the literature makes clear there is a need for (1) more reliable sources of tem-
poral variation in local contexts, and (2) meso-level segregation measures that can capture changes
at both daily and annual scales. The limited spatio-temporal segregation analyses that do exist rely
on decennial census data and examine only two time periods at a coarse resolution. What remains is
a gap in current knowledge about spatio-temporal segregation dynamics at annual and daily scales.
We provide such an analysis here.

MEASURING SEGREGATION AT MULTIPLE SPATIAL AND TEMPORAL SCALES

To examine spatial variation in segregation, we rely on the notion of a multiscalar segregation pro-
file, introduced by Reardon et al. (2008) and applied by Lee et al. (2008) and Fowler (2016). The
experience of segregation in a metropolitan region depends not only on the local demography but
also its built environment. Urban spatial structure, land use policy, and political economy can have a
profound effect on urban segregation patterns by helping to create the proverbial “wrong side of the
tracks,” a euphemism in American English used to describe a neighborhood of ill repute. In this con-
text, such aeuphemism is a reminder that train tracks, empty lots, abandoned buildings, etc, are often
demarcators—either natural or intentional—of different social delineations in the city. Given this real-
ity, we argue that conceptually-realistic measures of segregation should seek to incorporate physical
measures of the built environment, most importantly pedestrian street-network connectivity, which
is the fundamental circulatory system that supports an urban populous (Roberto, 2018). Street con-
nectivity patterns vary tremendously across the U.S., and indeed the world, (Boeing, 2018), so our
multiscalar segregation profiles use pedestrian network distance to construct egohoods that define
each scale in the profile.

We construct egohoods by collecting data from OpenStreetMap for each metropolitan area and
using the Python package pandana to process it into a routable pedestrian network by removing im-
passable portions such as highways and interstates and including penalties for intersection crossings
(contributors, 2017; Foti et al., 2012). We then use pandana to calculate local egohoods for each census
block in the study area, subject to a triangular distance decay function. This, effectively, transforms
the block-level data into a population accessibility surface, where each block no longer represents
solely the population inside, but rather the population one would likely encounter in that block’s local
environment, discounted by distance. For ease of calculation, each census block is represented by its
mathematical center, and assigned to the nearest node in the transportation network.

Conceptually, this step is akin to the pycnophylactic smoothing performed by Reardon et al. (2008)
and Fowler (2016), except that our approach uses a different decay function,’ measures network
rather than euclidean distance, and preserves the original topology rather than interpolating the data

THere we use a simple triangular decay function that discounts observations as a linear function of (network) distance,
though we also test exponential decay functions, and they have a negligible effect on our results



down to a regular grid. Using this alternative strategy, we answer the call by Reardon et al. (2008, p.
509) to address whether features such as topography or “the nature and scale of tertiary street net-
works, for example, play a role in shaping racial housing patterns,” and remove the assumption “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” (Lee et al., 2008, p. 19).

Data

For each of the 30 largest metropolitan regions in the USA, we collect data from the Origin-Destination
Employment Statistics (LODES) tabulations from the U.S. Census Bureau’s Longitudinal Employer
Household Dynamics (LEHD) dataset (U.S. Census Bureau, 2020). Unlike decennial census data,
LODES data are tabulated annually from administrative records and provide counts of employees at
the census-block level for both home and workplace locations. Since 2002, the LODES data include
information on worker race and ethnicity, among other variables. Together, these features mean
that LODES data provide a unique opportunity to study the temporal fluctuation in metropolitan
segregation. Since data are tabulated for both workplace and residential locations of workers, and
are released annually, they provide two temporal scales rarely seen in the segregation literature:
examining differences between workplace and residential segregation provides insight into daily
variation whereas comparisons between successive datasets permits insight into annual variation
in segregation. Furthermore, since the data are tabulated at the census block level, rather than the
more traditionally-used tracts or block-groups, these data provide an unprecedented level of spatial
and temporal resolution.

The advantages to LODES data do not come without tradeoffs, however. Since the data refer only
to employed populations, our inference on metropolitan segregation extends only to the workforce
and will not account for children, retired/elderly, or other systematic variation in unemployed popu-
lations. Further, since LODES data are tabulated and modeled from administrative data, “not derived
from a probability-based sample, no sampling error measures are applicable” (U.S. Census Bureau,
2020). This means that while the Census bureau has worked to mitigate errors in the data, they are
nonetheless subject to unknown nonsampling error that could result from “misreported data, late
reporters whose records are missing and imputed, and geographic/industry edits and imputations.”
Despite these limitations, the resolution offered by LODES is an acceptable trade off, given certain
reservations about limiting the scope of inference from our results.

Computing Segregation Profiles

To measure spatial segregation dynamics, we adopt the multiscalar segregation profile, which “de-
scribes both the absolute level of segregation at any scale and the rate of change in segregation level
with scale” (Reardon et al., 2008, p. 497). These profiles are “constructed by plotting segregation level
against scale,” thus requiring a measure that is sensitive to geographic scale. We therefore adopt the
spatial information theory statistic as our measure of segregation. “The index H is a measure of how
much less diverse individuals’ local environments are, on average, than is the total population of re-
gion,” and reaches its maximum of 1 only when “each individual’s local environment is monoracial”



(Reardon et al., 2008, p. 512). Following the notation of Reardon & O’Sullivan (2004), we calculate the
index using three equations.
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Equation 1 describes the proportion of population group m at location p, with 7, and 7, as the
total population count and population count of group m, respectively. In our case, p is the local ego-
hood, measured from the centroid of each census block, and ¢(p, ) is a triangular function of the
pedestrian network distance between p and q. Unlike Reardon et al. (2008) and Fowler (2016) who
interpolate their data to a regular grid using a euclidean kernel simulating a continuous density sur-
face, our approach fixes observations to the transportation grid and uses network impedance as the
distance measure®. This has the effect of transforming the data into a network-based accessibility sur-
face, common in transportation modeling and regional science (Hansen, 1959; Levinson, 1998). Here,
7(,m Tepresents the population in group m, accessible from each block, divided by the total population
accessible from each block, and ¢(p, q)dq is a decay function of shortest network distance (Foti et al.,
2012)

M
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Equation 2 describes the entropy of the local egohood of p, where M indicates the number of race
groups in the population. In this case M = 2 for all cases, since we compute two-group, rather than
multi-group segregation statistics given the limitations of our data®.
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Equation 3 is the Spatial Information Theory statistic given by Reardon & Firebaugh (2002) and
Reardon & O’Sullivan (2004) where T is the total population and E is the overall regional entropy. To
build multiscalar segregation profiles, we vary the bandwidth parameter in Equation 1 between Om
and 5000m in intervals of 500 meters®. We perform all calculations using the open-source Python
package segregation, distributed as part of the Python Spatial Analysis Library (PySAL) (Cortes, Rey,
etal., 2019; Rey & Anselin, 2010)°.

2Since we use the pedestrian network to approximate neighborhood distance, impedance is equivalent to distance, since
we assume pedestrian travel is constant-speed along an uncongested network

SLODES data do not cross-tabulate race and ethnicity so Hispanic/non-Hispanic segregation needs to be calculated sepa-
rately than racial segregation

“Note that in the case of HO (i.e. an egohood bandwidth of zero), the measure is equivalent to the block-level aspatial infor-
mation theory index

50ur analysis is fully reproducible and the code is available on Github and upon request



Measuring Segregation Dynamics

We proceed to measure spatial dynamics by calculating multiscalar profiles and plotting the results
as line graphs. The multiscalar profile can be summarized using the macro/micro segregation ratio
which measures “proportion of micro-segregation that is due to residential patterns at the macro-
scale or larger” (Reardon et al., 2008). To measure daily temporal dynamics we introduce a measure
we call the commute gap, CG. The commute gap is the ratio of the difference in residential segrega-
tion minus workplace segregation over residential segregation, and quantifies how much residential
segregation is accounted by the gap between workplace and home place.

_ Hp—Hy
Hy

Larger numbers indicate a greater gap between residential segregation and workplace segrega-

CG )

tion and imply a greater role of transportation in the maintenance of segregation. A different way
of interpreting the number is the share of regional segregation attributable to daily commuting pat-
terns; if every employee in the region worked from home, the difference between Hg and Hy, would
be zero, as would the measure itself. To measure annual temporal dynamics we use the coefficient of
variation, ¢, to capture volatility in the annual measurement of H, and we examine spatiotemporal
dynamics by showing how ¢, changes at each spatial scale. We follow a similar strategy with CG to
understand daily spatiotemporal dynamics.

SPATIO-TEMPORAL SEGREGATION DYNAMICS IN LARGE U.S. METROS

Figure 1 and Figure 2 show that, in general, there is more variation in black/white segregation and
levels are typically higher than Hispanic/non-Hispanic segregation at every scale, however, there are
notable exceptions, most of which are in the sunbelt; the metropolitan regions of Phoenix, Las Vegas,
Riverside, San Diego and San Antonio, for instance, all exhibit greater Hispanic/non-Hispanic resi-
dential segregation than black/white residential segregation. The racial and ethnic patterns are not
always uniform, however. In Los Angeles, for example, the segregation profiles for black/white and
Hispanic/non-Hispanic populations cross twice, indicating that black segregation is greater at small
and large scales, but Hispanic segregation is greater at moderate scales. Spatial dynamics such as
these reinforce the importance of geographic scale in the scholarship on racial segregation and in-
equality. Miami’s Hispanic segregation profile in Figure 2 stands alone as a clear outlier with H levels
far above other metropolitan regions for both workplace and residential segregation at nearly every
scale. Another clear pattern is that there is more variance both in segregation levels overall and the
slopes of black/white profiles as compared to Hispanic/non-Hispanic profiles, for both residential and
workplace segregation.

Spatial Dynamics

Following Reardon et al. (2008), we calculate macro/micro segregation ratios by dividing the
H4000 measure by H500 measure. These statistics measure the share of small-scale segregation
attributable to large-scale patterns and provide a general sense of each profile’s shape. Higher
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macro/micro ratios indicate flatter segregation profiles and metropolitan regions characterized by
macro-scale segregation, whereas small rations indicate steeper profiles and metros with higher
levels of micro-scale segregation. Macro/micro segregation ratios are shown in Table 2 and Table 3
for black/white and Hispanic/non-Hispanic segregation, respectively. The tables reveal two clear
findings; first, in addition to fact that black/white segregation levels are typically much higher than
Hispanic/non-Hispanic levels, so too are black/white segregation profiles typically considerably
steeper than Hispanic/non-Hispanic profiles in each metro. Second, Tables 2, 3 show that there is
little temporal variation in the macro/micro ratios, but there is some indication of ratios increasing
over time, particularly for earlier years. Put differently, looking across the tables, there is some
evidence that segregation profiles are flattening slightly and that segregation falls faster at small
scales. Another way of describing this phenomenon is that large regional patterns of segregation are
more stubborn than localized pockets.

Temporal Dynamics

At the daily temporal scale there is a great deal of variation in segregation, driven almost exclusively
by residential segregation. That is, the near absolute dearth of daytime segregation in major Ameri-
can metropolitan areas means the areas that tend to have the largest daily fluctuations in measured
segregation are those with the greatest levels of residential segregation (e.g. St. Louis and Detroit). At
the annual temporal scale there is, generally, little variation in measured segregation levels. When
there is change, it is typically at smaller scales, consistent with Lee et al. (2008)’s prediction regarding
the stubbornness of segregation at larger scales. An alternative (though not mutually exclusive) expla-
nation is the small scale variation may be related to overall economic dynamics than “true” changes
in the spatial distribution of different racial groups. Since the LODES data capture employed pop-
ulations, and most variation happens almost exclusively at small scales, we may also be capturing
fluctuation in the existence of small firms.

To understand how much racial segregation is driven by the movement between home and work-
place areas, we present commute gap statistics for each metro areain 2017 in Table 1, which is sorted
in descending order by BlackCG. Among the top ten largest Black commute gap statistics, Florida
cities appear three different times (Tampa, Orlando and Miami) revealing distinct patterning in the
labor and residential markets in that state, with residential segregation accounting for greater than
80% of the separation between races. In contrast, among the ten lowest measures, California cities
appear five times (Riverside, Los Angeles, San Francisco, San Diego, Sacramento) with residential
segregation accounting for less than 70% of the regional segregation. Both Florida and California are
heavy automobile-commuting states (Kane et al., 2020)°, and their places at the top and bottom of the
rankings (respectively) suggest that in addition to the harm of residential segregation Black Floridians
may also suffer an additional burden of transport inequality, whereas Black Californians likely bear a
smaller burden. For Hispanic/Latino Americans, the southwest region typically contributes the great-
est commute-gap statistics, with some of the largest belonging to Dallas, San Antonio, Phoenix. The
largest CG for Hispanic/Latino segregation, however, belongs to Chicago, a notable outlier in its region

%Seealso https://www.vitalsigns.mtc.ca.gov/commute-mode-choice and https://fdotwww.blob.core.windows.net/sitefinity/docs/default-
source/planning/demographic/2019commuting.pdf
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as most other midwestern metros appear near the bottom. Additional visualizations of commute gap
statistics showing variation by spatial scale are available in the appendix

11



00STH pue sonsnels den anwwio) LI0T T 9[qeL

¥£86560°0 6STLLO LYS8YS0°0  SLTYSO VD ‘OLIBJUQ-OUIPIBUISY UBS-IPISIOATY
€990070°0 8LL98S0 TTOPYT'0  8688LS°0 IM-NI ‘uoiguroo[g-[ned ‘is-srjodesuuiy
G89SYT'0  LST6LLO 816210 TS8€T90 V) ‘Wwieyeuy-yoeag SU0T-s9[e8Uy SO
TSETCIT'0  TZOYI8O0 T8TEBYO'0  TYSLESO ZV ‘9[BPS1100S-BSON-XIUS0YJ
TOVLELOO  LT90VLO T60LITO Z0v9°0 VD ‘pPIlemAeH-pueeQ-09SIoURI] UBS
LSS6ET'0  LSSTILO 620S€S0°0 8926590 VD ‘PeQS[IB)-0391( Ues
€TTLEYO0 ¥88EEL90 9¢STOT'0 8688890 VD ‘OPBIIV-UaPIY—I[[IASSOY—-01UdUIRIORS
8785900  80SESLO ¥SGL8T0 Z¥8S0L°0 AM-AN-VA-D( ‘BLIPUBXSY-U0ISUI[IY-U0ISUIYSBM
22998L0°0 S620¥L°0 LS99550°0 ST8TTILO AN ‘9sIpeled-uosIopuoH-sesaA se]
GZI8YY0'0 LZO¥89°0 LTL69S0°0 6TOVZLO VM-Y¥0 ‘0I10QS[[IH-I9AN0dUBA-PUB[II0]
7S880T°0 81080 T6E6VT0 T8¥0SL°0 X1 ‘pueT IeSNnS-spuB[POO) 9 L-UO0ISNOH
88L0¥YT'0  SPTITELO TLOLTO 9% T8SL0 HN-VIN ‘UOIMON-98pLIqUIR)-U0ISOg
9€0L0T'0  TY¥Zr80 €T9Y2T0 L6G9LLO X1, ‘uU0)}BUIIV-YlI0pM 110J-Se[[ed
GZSSOT'0  T9E09L°0 69TTLEO 96¥8LL°0 [N ‘UI0qIea(-UalIe-110119(]
ZEOOTT'0  69£918°0 YET8LL0'0  ST868L0 X1 ‘s[ajunerg maN-o0IuoIuy ues
€L8Y0€0°0 6LS8YS0 L69Y€°0 ¥GET6L'0 TI-O ‘STOT 18
1984900  8S86TL0 69L¥TT0 L696L°0 V9 ‘[[oms0y-s3ulids Apues-ejueny
9.¥,020°0 VE6E9°0 €6¥6580°0 220T080 VM ‘ONAd[[og-RUW00R-9[118aS
¥SL92T°0  STOETILO 18L62°0 SYETT8 0 AW-3d-CN-Vd ‘uoigurwip-uspue)-erqdepeyd
TOLEOT'0  TYELBL'O L6S8TT0 920€£28°0 Vd-[N-AN K1) A9SI9[-5[T@EMON-3[I0X MON
8GT9580°0 T8YS6L°0 TTO8TITO I7€28°0 0D ‘POOMIIBT-BIOINY-ISAUS(J
vLIYZT0  LESEVSO 98¢¥ST0 ZSYTES0 14 ‘yoeag wied 1S9 -9[ePISPNET 110 -TWEIN
2986700  SS09L9°0 T6CTLT0  ¥2TSESO DS-DN ‘BIUOISBH-PIOdUOD-S1IO0[IRYD
€TE0Y20'0  ¥¥TLSS O 1298120 L8T9€8°0 vd ‘ysingsnid
¥STESYO'0  9L6¥0Y°0 S099€£2°0 G9.9£8°0 NI-AM-HO ‘Tieuurour)
SLLLTEO0 ¥L8TTY O ¥€8982°0  8LSLESO AW ‘UOSMO]-BIqUIN[0)-dI0WI[eg
19989T°0 1661580 STISPZE0 959%58°0 IM-NI-TI ‘UI8[q-9[[taTodeN-03edIy)
L6TTT600 98VELLO €L0SST'0  8L9T68°0 14 ‘PIOJURS-99WWISSTY-OPURIO
GTTLESO'0  8¥988L°0 SOT¥8T0 S¥0506°0 14 ‘Te1eMIRa[D-8INgsIa1ad 1S-edwe],
005ty dsty 005ty dsiy  90STg spoerg  009tny sjoerg uo13oy uelrjodoilsiy

12



Spatio-Temporal Dynamics

To measure spatiotemporal dynamics, we examine the temporal variance in measured segregation
levels at each spatial scale, the results of which are shown in Figure 3, which plots the coefficient of
variation for segregation measured at each spatial scale in each metropolitan region as a heatmap.’.
The x-axis displays the bandwidth distance used to calculate the egohood-based H, and the cell for
each metro at each distance is shaded by the value of the coefficient of variation (with darker colors
indicating greater variation). The heatmaps give indication of how segregation changes at each spatial
scale over time; if dark colors cluster to the left, then segregation is most variable at smaller scales,
whereas the opposite is true for larger scales, and if segregation varies at all scales simultaneously,
the bar will be relatively solid throughout.

Perhaps unsurprisingly, segregation levels over time are most variable at smaller spatial scales,
but the trend is not universal for all metropolitan regions, neighborhoods versus laborhoods, or ethnic
groups. The heatmaps further clarify the trends observed in Tables 2, 3 that residential segregation is
typically the most variable at small scales—however, when metropolitan areas have significant abso-
lute changes in segregation, it tends to occur at all scales. This is evident from metropolitan regions
like Miami, Detroit, and New York, whose changes are relatively constant across scales. Furthermore,
the most dynamic regions are not necessarily consistent across racial and ethnic groups. Miami is the
most dynamic metropolitan region for Hispanics whereas for the black population Washington D.C.
is the most dynamic at larger scales whereas Riverside is the most dynamic at small scales. Looking
across the four heatmaps, several large-scale patterns are present. For residential locations, segrega-
tion typically changes at smaller scales more than larger ones for Black and Hispanic/Latino groups
(i.e. the gradients tend to move left-to-right). For workplace locations, the opposite is typically true for
both groups: segregation tends to change most at larger spatial scales (i.e. the gradients are reversed).
Furthermore, distance seems to play a larger role in residential segregation, as the gradients in the
top two figures are generally steeper than the bottom two figures, meaning that when workplace seg-
regation changes, it typically does so across the board at all spatial scales, whereas when residential
segregation changes, it usually does so in local pockets.

For residential segregation, change is not static or universal; places with some of the highest seg-
regation levels, like Atlanta, Baltimore, and St. Louis have hardly any variation in segregation at any
spatial scale, whereas other metros like Washington D.C., Riverside, and Boston have a great deal of
variation in segregation, but heterogeneity with respect to scale, ethnic group, and workplace versus
residential location. Finally, when segregation levels are changing in a given metropolitan region, the
scales, locations, and groups for which they are do not necessarily coincide, for example Detroit shows
hardly any variation in Black residential segregation at any scale, but a great deal of variation in Black
workplace segregation at all scales. Elsewhere, like Washington D.C. Black segregation is changing for
both home and workplace locations (at all scales) but Hispanic/Latino segregation varies little, and in
Riverside neighborhood segregation is changing for both groups, but laborhood segregation remains
unchanged.

Beyond these general patterns, several individual metropolitan regions warrant further discus-
sion. Figures 4, 5, 6, 7 show segregation profiles for selected metropolitan regions (and plots for all

"For a tabular presentation of these statistics, see Table 4 and Table 5 in the Appendix
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Figure 3: Heatmap of Temporal Variation in Segregation Across Spatial Scales
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30 are available in the appendix). In these figures, the shape of each segregation profile describes the
geographic scale of neighborhood and laborhood segregation in each MSA, with blue lines represent-
ing residential segregation and red lines representing workplace segregation. Lighter colors indicate
earlier time periods and darker colors are more recent. Thus, the distance between the blue curves
or the red curves describes the increase or decrease in segregation at different scales between con-
secutive years (for residential or workplace locations respectively). Meanwhile, the distance between
the red and blue curves at the same temporal scale (denoted in the legend) describes the daily change
in contextual segregation the population experiences over the course of a typical day.

Figure 4 shows the multiscalar profiles for neighborhoods and laborhoods measuring black/white
and Hispanic/non-Hispanic segregation in the St. Louis metropolitan region. St Louis is notable for
tworeasons. First, it has some of the highest measured levels of black/white segregation at every scale,
for both residential and workplace segregation. Second, workplace laborhood segregation for His-
panics is greater than residential neighborhood segregation, indicating that Hispanics in the St. Louis
metropolitan region actually commute to segregation. From the perspective of labor and economic
inequality, this finding is stark and suggests that Hispanics and non-Hispanics in the St. Louis region
tend to work in categorically different labor markets whose industries and occupations are spatially
distinct. A lurking variable in this equation may be differential levels of educational attainment or oc-
cupational training, which suggests that one way to reduce Hispanic segregation in St. Louis might be
through economic development or increasing educational opportunities that expose residents from
diverse ethnic backgrounds to a wider variety of employment opportunities.

The Detroit metropolitan region, shown in Figure 5, has some of the highest measured levels of
black/white segregation at any scale, and it has one of the flattest segregation profiles (see Table 2),
suggesting that the black and white populations in the region share vastly different environments.
Despite these high levels, Detroit also shows among the greatest levels of variation in black/white
segregation suggesting that the region may be undergoing some important changes. In general, the
trend has been a (socially) positive one, with segregation levels decreasing over the 2010-2017 span,
though the decrease has not been strictly monotonic. This is true of both residential neighborhoods
and workplace laborhoods. The Miami metropolitan region in Figure 6 has high levels of black/white
segregation but also has some of the highest measured levels of Hispanic segregation at every scale.
Furthermore, Miami is relatively dynamic over the eight year period, particularly in Hispanic/Latino
segregation which shows high variance over all scales. Perhaps more importantly, Hispanic/Latino
segregation in the Miami region is undergoing a recent increase at all spatial scales, following a prior
period of increasing integration. The Minneapolis-St.Paul metropolitan region in Figure 7 stands out
for two different patterns; first, it has one of the steepest slopes for its black/white segregation pro-
file, indicating that the majority of the segregation between those populations arises from small scale
differences rather than large scale ones. Second, the region’s Hispanic/Latino workplace segregation
levels are higher than residential levels at moderate scales.
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Figure 4: Residential & Workplace Segregation Profiles in the St. Louis Metro Region, 2010-2017
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Figure 5: Residential & Workplace Segregation Profiles in the Detroit Metro Region, 2010-2017
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Figure 6: Residential & Workplace Segregation Profiles in the Miami Metro Region, 2010-2017

Minneapolis-St. Paul-Bloomington, MN-WI Metro Area
Segregation Profiles

0.6 Black/White Hispanic/non-Hispanic

054 ] 2017 2017

0.4 ]
© = 8
= IS R
S 034 ] 2 2
' ] o
T £ =

0.2 1

0.1 -\\ 2010 2010

0 — U U U +— UL U
0 1000 2000 3000 4000 5000 0 1000 2000 3000 4000 5000

Egohood Bandwidth (Meters in Pedestrian Network Distance)

Figure 7: Residential & Workplace Segregation Profiles in the Minneapolis Metro Region, 2010-2017

17



DISCUSSION

A clear, if mildly surprising finding in this study is the exceedingly low level of daytime segregation in
every one of the metropolitan areas we examined. Our work here confirms and expands those by Ellis
et al. (2004) who found similar results in Los Angeles, and we show that they hold true for the rest of
the country as well. While, in general, daytime segregation levels are low, another surprising finding
we uncover is that in some metro areas, Hispanic/Latino segregation increases for workplace segre-
gation than residential segregation. While residential segregation for Hispanic/Latino employees is
generally much lower than for Black employees, the inverted positions of workplace and residential
segregation curves for Hispanics/Latinos suggests possible labor market inequalities, and opens a
doorway for additional research focused on these relationships. As a result, the daytime fluctuation
in segregation is highest in metropolitan regions with the highest levels of residential (nighttime) seg-
regation. From a public policy perspective, this finding has important implications for metropolitan
housing and transportation policies, but it also suggests ramifications for other critical institutions
such as education or healthcare services. The extremely low levels of daytime segregation observed
across metropolitan regions in this study make demonstrably clear that cities are dynamic, multira-
cial, multiethnic spaces during the daytime, in which people from all origins share the same local
environments. When they commute home, however, residents in many metropolitan regions return
to highly segregated environments whose local institutions, resources, political representation, etc.
all follow a racialized spatial order.

Since other critical services such as education are structured according to residential addresses,
this means that while parents commute to highly integrated environments, their children likely at-
tend highly segregated schools, places of worship, healthcare services, and retail shopping services.
From the perspective of intergenerational racial equality, these patterns mean that residential envi-
ronments artificially insulate social groups from another during their formative years, helping iso-
late racial and ethnic groups into daytime environments fundamentally different from those they will
experience as adults. More simply, these findings suggest that children are placed into institutions
that highly racially segregated, and which may be improperly training them for the highly integrated
environments they will experience once they join the workforce. Unfortunately, temporal dynamics
from the annual scale suggest that these patterns are changing little over time. For most metropolitan
regions there is little annual variance in segregation, and for most regions, segregation levels have
moved in both directions.

Further, our “counterfactual” of sorts for our commute-gap statistic—that if every person in the
region worked from home, the metric would be zero—displays the importance of understanding daily
segregation dynamics and measuring the difference between residential and workplace activity
spaces. As the COVID-19 pandemic begins to wind down, many lasting impacts on the economy,
including the proliferation of teleworking and flexible scheduling means many employees may
spend an increasing amount of time in highly segregated residential spaces that was once spent
in highly integrated workplace environments. If workplace environments provide a small locus
of interpersonal and intercultural exposure and exchange, then these trends could have profound
consequences in the age of increasing political polarization and political violence.

In gentrifying metros, we might expect to see some level of temporal variation in segregation, as
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new residents move in and others, possibly, are displaced. We do not see an obvious pattern of this
ilk in some of the most obvious gentrification hotspots like San Francisco, New York, or Chicago. One
reason for this could be that while gentrification is a painful process for neighborhood residents, it
remains a relatively acute harm, that generates racial and income mixing in only a small handful of
neighborhoods, thus rendering the phenomenon undetectable using regional-level segregation statis-
tics. Conversely, the “back to the city” movement articulated by Ehrenhalt (2012) a decade ago com-
bined with the longstanding urban planning goal of greater jobs/housing balance in urban areas could
provide a path toward several progressive goals simultaneously. Increasing urban dwelling through
policy measures like infill development, affordable housing investments and transit density bonuses
would meet many urban planning environmental goals by shortening commutes and reducing emis-
sions, but our results suggest that such measures would also promote “social sustainability,” by re-
ducing the commute gap statistic, bringing racial and ethnic groups closer to their job locations and,
necessarily, reducing residential segregation levels.

CONCLUSION

In this paper we perform a large-scale analysis of spatiotemporal segregation dynamics in large Amer-
ican metropolitan regions using data with both high temporal and spatial resolution. Using transport
network analysis, we generate realistic measures of segregation at multiple scales, accounting for the
unique geometry and contiguity patterns inherent in each metro’s pedestrian travel networks. These
measures capture the racial mix a person is likely to encounter in a typical pedestrian-scale “egohood”
that radiates outward from their home or workplace location. Taking full advantage of the workplace
and residential tabulations in the Census LODES data, we provide unique insight into the ways that
racial and ethnic segregation fluctuate over the course of a typical weekday, and the spatial scales at
which they do so. By repeating this process for each year of available data, our results also yield in-
formation about the annual fluctuation in segregation levels for both daytime and nighttime at every
spatial scale.

Our results reveal the deep complexity with which segregation is experienced over the course of
the day, and the spatial scales over which segregation is changing for both Black Americans and His-
panic/Latino Americans. More specifically, our results show that most metropolitan regions have
highly integrated laborhoods—that is, at the daily scale, we find workplace (and, by extension, metro
areas atlarge) segregation levels are very low in absolute terms for every one of the regions we studied,
although in some regions Hispanic/Latino segregation is greater in laborhoods than in neighborhoods
at some spatial scales. At an annual scale, most regions show a general trend in decreasing residential
segregation over time, particularly at small spatial scales, though the trend is neither universal not
monotonic so we hesitate to draw conclusions regarding an overall trend toward segregation reduc-
tion. Furthermore, these data pertain to the period immediately proceeding the COVID-19 pandemic
that has shifted both workplace location dynamics and the residential housing market, two trends
whose ultimate impacts are yet unknown. When the data become available, we plan to examine these
questions in detail.

From a methodological perspective, we argue that this analysis extends the current state of the sci-
ence for providing a comprehensive picture of urban segregation accounting for multiple spatial and
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temporal scales simultaneously. Incorporating network analysis into the computation of each segre-
gation statistic injects behaviorial realisim as well as local nuance into the measurement strategy, as
man-made features like non-gridded street patterns, railroad tracks, and dead-ends that serve to par-
tition the urban environment and inhibit social interaction across spaces are implicit in the analysis.
Further, using administrative data rather than activity-based data mean we can scale the analysis
to provide evidence across a wide range of metropolitan areas and incorporate measurements for
each year, rather than a single cross-section. Although LODES data are atypical in demographic work,
they provide unique insight in this case into both the daily and annual variation in racial and ethnic
segregation each metropolitan region experiences. Further, because these data are available at high
resolutions, both spatial and temporal, they offer a sound, cost-effective, and nationally-scalable al-
ternative to more expensive and personally invasive personal mobility studies that rely on GPS and/or
cell phone data.

When used for understanding metropolitan segregation patterns, LODES data do have drawbacks
compared with activity-tracking data. First, LODES data contain information solely on the residential
and workplace locations of workers, meaning we cannot observe segregation levels for populations
other than those employed. Second, because there are only two tabulation times (i.e. residential/night-
time and workplace/daytime) we lack important information about the time and locations of different
commuting patterns, which themsevelves may be subjected to unique segregation levels (Wang et al.,
2018). Finally, the collection and reporting of LODES data can be subject to idiosyncratic decisions
that can influence our interpretation regarding the location of employees during the workday. For ex-
ample, in some locations postal employment is reported at local post offices (e.g. mailmen and mail-
women are reported to work at the location from which their route begins) and in other cases it is
reported at a single post office. In other similar cases, it is possible, for example for a university to
report its entire academic employment at a single campus address, rather than allocating professors
to their office or classroom locations. In general, we believe these issues are not widespread and are
unlikely to severely bias our results, even when present. Nevertheless it remains important to qualify
and verify our findings relative to other administrative and activity tracking data, and we look forward
to collaborating with other researchers to expand our findings in this regard.
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Atlanta-Sandy Springs-Roswell, GA Metro Area
Segregation Profiles
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Segregation Profiles
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Cincinnati, OH-KY-IN Metro Area
Segregation Profiles
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Detroit-Warren-Dearborn,

MI Metro Area

Segregation Profiles
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Los Angeles-Long Beach-Anaheim, CA Metro Area
Segregation Profiles
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New York-Newark-Jersey City, NY-NJ-PA Metro Area
Segregation Profiles
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Riverside-San Bernardino-Ontario, CA Metro Area
Segregation Profiles

0.6 Black/White Hispanic/non-Hispanic
0.5 .
0.4 .
0.3 .
0.2 .
07““I“"I""I""I““ 7\.\.,.\.\,\\\\,\\\.,.‘#}
0 1000 2000 3000 4000 5000 0 1000 2000 3000 4000 5000
Egohood Bandwidth (Meters in Pedestrian Network Distance)
Sacramento--Roseville--Arden-Arcade, CA Metro Area
Segregation Profiles
06 Black/White Hispanic/non-Hispanic
0.5 .
0.4 .
0.3 .
0.2 .
0.1 {k ]
0_““I“"I""I""I““ _""I""I‘“‘I“"I""I
0 1000 2000 3000 4000 5000 0 1000 2000 3000 4000 5000
Egohood Bandwidth (Meters in Pedestrian Network Distance)
San Antonio-New Braunfels, TX Metro Area
Segregation Profiles
0.6 Black/White Hispanic/non-Hispanic
0.5 .
0.4 .
0.3 .
0.2 .
0.1 _\ _&
O7““I“"I""""““ 7""I""I“““"""

T
0 1000 2000 3000

T T T
4000 5000 0 1000 2000 3000 4000 5000

Egohood Bandwidth (Meters in Pedestrian Network Distance)

31

2017 2017

Residential
Workplace

2010 2010

2017 2017

Residential
Workplace

2010 2010

2017 2017

Residential
Workplace

2010 2010



H Value

H Value

H Value

0.6

0.2

0.1

0

0.6

0.6

0

San Diego-Carlsbad, CA Metro Area
Segregation Profiles

Black/White

0.5
0.4

0.3

7

UNLES IR LN LR IR
0 1000 2000 3000 4000 5000

Hispanic/non-Hispanic

—
N

Egohood Bandwidth (Meters in Pedestrian Network Distance)

San Francisco-Oakland-Hayward, CA Metro Area
Segregation Profiles

Black/White

0.5
0.4
0.3

0.2

-

0
0 1000

2000 3000 4000

5000

Hispanic/non-Hispanic

UL A I L IR LA R I
0 1000 2000 3000 4000 5000

__¥

0 1000 2000 3000 4000

Egohood Bandwidth (Meters in Pedestrian Network Distance)

Seattle-Tacoma-Bellevue, WA Metro Area
Segregation Profiles

Black/White

0.5
0.4
0.3

0.2

"N

T T
0 1000 2000 3000 4000

5000

Hispanic/non-Hispanic

T T
0 1000 2000 3000 4000

Egohood Bandwidth (Meters in Pedestrian Network Distance)

32

5000

5000

2017 2017

Residential
Workplace

2010 2010

2017 2017

Residential
Workplace

2010 2010

2017 2017

Residential
Workplace

2010 2010



H Value

H Value

H Value

St. Louis, MO-IL Metro Area
Segregation Profiles
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Temporal Variation in Commute Gap by Spatial Scale
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Figure 8: Commute Gap Heatmaps
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