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Abstract
Urban populations in large US cities exhibit racial and ethnic diversity, yet they remain
residentially segregated. The examination of temporal trends in segregation and
diversity is crucial for sociologists and urban planners. In this study, we investigate the
spatio-temporal changes in segregation and diversity across 61 major US cities,
utilizing data from four US Censuses conducted between 1990 and 2020. Unlike
previous studies, our approach relies on visual data analysis, enabling us to capture
the overarching changes in racial coresidence during this period. We employ four
distinct perspectives – geographical, temporal, groups evolution, and desegregation
scale limit – to visualize and analyze the data. Geographical analysis uncovers a
decrease in regional disparities in urban diversity and segregation since 1990, as
urban racial integration extends beyond West Coast and Southwestern cities to
encompass the entire US. Through temporal analysis, we observe a general trend of
rapidly increasing diversity and gradual reduction in segregation, albeit with varying
rates across different cities. Groups evolution analysis reveals that cities grouped
based on their diversity and segregation metrics in 1990 follow the overall trend
toward larger diversity and smaller segregation while preserving group’s coherence
but not their distinctiveness. Finally, the desegregation scale limit perspective
suggests that, on average, over the 1990 to 2020 period, the desegregation scale has
started to subceed the lower limit of the census block. By employing these diverse
analytical perspectives, our study provides a comprehensive understanding of the
changes in racial segregation and diversity within US cities over the past three
decades.
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1 Introduction
Patterns of spatial distribution in large US cities provide evidence of segregation, whereby
each racial group exhibits its distinct spatial distribution. Segregation occurs when these
distributions show minimal overlap, and the degree of overlap serves as a measure of seg-
regation, with smaller overlaps indicating higher levels of segregation. To quantify segre-
gation, the field of racial demography has developed various metrics (for a comprehensive
review of segregation metrics, refer to [1]). Among these metrics, the information the-
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ory index H is commonly used to quantify racial segregation in multiracial populations
[2, 3]. In addition to measuring segregation, another important metric in studying mul-
tiracial populations is racial diversity. A population is considered diverse when multiple
racial groups significantly contribute to the overall population composition. The popula-
tion diversity is the number of distinct groups that make significant contributions to the
total population [4].

To analyze spatio-temporal changes in urban diversity and segregation across the United
States, a sample of cities representing various regions was selected, and metrics of diver-
sity and segregation were calculated using data from multiple past censuses. The findings
of such data analysis have been published since the early 21st century and continue to
be published to this day [5–16]. Typically, these results were presented in tabular form,
providing values of diversity and segregation metrics for different cities at various cen-
sus years. However, this approach only allows for a limited comparison of average indices
across different census years, resulting in an extreme compression of the extensive infor-
mation available in past censuses.

In this study, we deviate from the conventional approach in racial demography by em-
ploying visual data analysis methods to examine the spatio-temporal changes in urban
racial segregation. Visualization is a powerful tool for intuitively analyzing complex phe-
nomena [17] and has been widely utilized in the field of sociology [18], which is the pri-
mary source of racial segregation studies. However, until recently [19, 20] visualization has
mainly been used for illustrating rather than analyzing data in the context of racial seg-
regation studies. The Racial Landscape (RL) method, introduced by Dmowska et al. [19],
represents a significant advancement in this area. It provides a geospatial dataset that vi-
sualizes the high-resolution distribution of all racial groups within a single map. The RL
visualization resembles a detailed “image” of the land, indicating the racial composition
of its inhabitants. Moreover, the RL includes a tool that enables segregation calculations
for any given area without relying on census boundaries. Another relevant contribution
is the Segplot proposed by Elbers [20], which is a graphical tool designed to visualize pat-
terns of segregation. Unlike RL, Segplot is an effective aspatial data visualization method.
However, both of these approaches primarily focus on visualizing and analyzing racial data
within a single city rather than across multiple cities.

In this paper, we employed visual data analysis techniques to examine the temporal
changes in segregation among a diverse set of cities representing various regions across
the United States. To achieve this, we compiled a comprehensive dataset of diversity and
segregation metrics using census data from the years 1990, 2000, 2010, and 2020. The
dataset consisted of 61 the largest US cities, strategically distributed throughout the con-
terminous 48 states. Subsequently, we conducted a visual analysis of this dataset from four
distinct perspectives: geographical, temporal, groups evolution, and desegregation scale
limit.

This paper introduces several novel contributions to the field. Firstly, our approach uti-
lizes visual data analysis, allowing for a comprehensive visualization of the entire dataset
while effectively highlighting the overall trend. This approach offers a novel perspective
and facilitates a more intuitive understanding of the data. Secondly, we propose a trans-
formation of the standard metric of racial diversity (entropy) into a more direct estimation
of the number of distinct groups that significantly contribute to a city’s total population.
Whereas entropy is a measure of diversity, the new index (the Hill’s number) is the di-
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versity [4]. Thirdly, we conduct groups evolution analysis to investigate the persistence of
similarities among cities that shared similar values of diversity and segregation metrics
in 1990. This analysis sheds light on the long-term patterns of urban racial dynamics and
highlights the evolving nature of these cities over time. Lastly, we employ desegregation
scale limit analysis to explore whether there are changes in the spatial scale of desegre-
gation over the study period. This analysis uncovers important insights into the spatial
dynamics of segregation and offers valuable information about the shifting patterns of ur-
ban residential segregation.

2 Data and method
We obtained the racial composition data for our analysis from the U.S. Census Bureau,
specifically the 1990, 2000, 2010, and 2020 datasets at both the tract and block levels
of spatial aggregation. These datasets were accessed from the National Historical Geo-
graphic Information System (NHGIS) [21]. Our analysis focuses on a sample of 61 the
largest metropolitan statistical areas (MSAs) based on their 2020 boundaries. For brevity,
we refer to these areas as “cities” throughout the paper, although we are analyzing the
entire MSAs.

In Fig. 1, we present a visual representation of the geographical locations and names of
the cities included in our survey. This figure also shows a division of the United States into
ten standard Federal Regions; these regions have no official names, and they are identi-
fied by numbers from 1 to 10. Our analysis involves the calculation of metrics related to
racial diversity and composition using the following subpopulations: White (W), Black
(B), Asian (including Hawaiian/Pacific Islanders) (A), Hispanics (H), and others (includ-
ing American Indians) (O). It is important to note that all racial subpopulations, except
for Hispanics, are categorized as non-Hispanic. For the sake of conciseness, we refer to
each subpopulation as a “race,” but we acknowledge that the Hispanic category represents
ethnicity.

Figure 1 Map showing locations and names of the Metropolitan Statistical Areas used in the survey. Colors
indicate a division of the conterminous United States into ten “standard federal regions.” This map serves as a
reference to subsequent figures and tables
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2.1 Diversity and segregation metrics
Entropy E is frequently used as a diversity metric of the multiracial population consisting
of K different subpopulations,

E = –
K∑

k=1

fk ln(fk), (1)

where ln represents the natural logarithm and F = f1, . . . , fK denotes a set of fractions (or
shares) representing the total population count in K subpopulations, with

∑
k fk = 1. Each

value fk can be interpreted as the probability that a randomly selected person from the
population belongs to race k. It is worth noting that entropy is a functional, which means
it takes another function as its argument and yields a numerical value. In this case, the ar-
gument is the normalized population histogram F , and the resulting number E quantifies
the shape of the histogram. For a narrow histogram that represents a population domi-
nated by a single race, the entropy value is minimum, denoted as Emin = 0. On the other
hand, a maximally broad histogram where all subpopulations have an equal share results
in the maximum entropy value, represented as Emax = ln K . The entropy metric captures
the level of uncertainty regarding the race of a randomly selected individual from the pop-
ulation, with larger entropy values indicating greater diversity.

It is important to emphasize that the entropy value, denoted as E, remains unaffected by
the specific assignment of races to the histogram bins. Therefore, if the races were assigned
to different bins, the entropy would remain the same. For instance, a city comprising 50%
Whites, 30% Blacks, and 20% Hispanics would have the same entropy value as a city with
50% Hispanics, 30% Whites, and 20% Blacks.

As mentioned in the Introduction, entropy is not an intuitive measure of diversity
[4]. Intuitively, we would expect that a city with 2K equally common subpopulations
is twice as diverse as a city with K equally common subpopulations. However, entropy
does not align with this expectation. For instance, when K = 4, Eq. (1) indicates that
E(2K city)/E(K city) ≈ 1.5 Moreover, entropy values can be ambiguous because they de-
pend on the choice of logarithm base used in Eq. (1) and whether the entropy is standard-
ized or not. The demographic literature typically employs standardized entropy calculated
with the natural logarithm, but this choice is based on tradition. Some more recent stud-
ies, such as Stepinski and Dmowska [22], have used a logarithm with a base of 2 and have
not applied standardization.

These issues are addressed by applying a simple transformation E → aE = NH, where a
represents the base of the logarithm (in this paper, we use the Euler number e to remain
consistent with the demographic literature). The resulting quantity, NH, is known as Hill’s
number [23]. Hill’s number is referred to as the effective diversity or the effective number
of subpopulations because it represents the number of equally abundant subpopulations
that would yield the same entropy value as the actual subpopulation composition. In prac-
tice, Hill’s number is often not an integer, so we estimate the number of substantial groups
by rounding the value of NH to the nearest integer (see [24] for further details). The major
advantage of Hill’s number over entropy is that it does not require interpretation; it simply
express a diversity [4]. Moreover, unlike entropy, its interpretation is unambiguous.
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A segregation metric of the multiracial population is most frequently calculated using
the information theory index H [2, 25],

H =
Ea –

∑n
i=1

ti
T Es

i

Ea =
Ea – 〈Es〉

Ea =
MI
Ea (2)

where Ea represents the entropy of the entire area, and Es
i represents the entropy of the

ith subdivision within this area. The numerator in Eq. (2) corresponds to the difference
between the diversity of the entire area and the population-weighted average of diversities
in individual subdivisions (denoted as 〈Es〉). In information theory [26], this quantity is
referred to as mutual information (MI). The value of MI indicates the extent to which we
have reduced uncertainty (on average) regarding the race of a randomly chosen person
by considering the population of a specific subdivision rather than the entire population.
Thus, MI serves as a measure of segregation by quantifying the reduction in diversity.

The denominator in Eq. (2) serves as the normalizing constant, thus H can be inter-
preted as the reduction of uncertainty at the subdivision’s population level relative to the
uncertainty at the entire population level. The relative nature of H ensures that a value of
H = 1 corresponds to complete separation (at the scale of subdivisions used or lower) of
subpopulations, regardless of the number of subpopulations present. However, this rela-
tive nature of H prevents its transformation into a more interpretable metric expressed
in terms of the ratio of the number of subgroups in the entire area to an average number
of subgroups in a subdivision, as would be the case if segregation were measured using
MI . The use of MI as a measure of segregation has been discussed by various authors
[22, 27–29]; however, in this paper, we employ H to align with the prevailing trend in the
demographic literature.

3 Results
The complete collection of diversity and segregation metrics for the 61 analyzed cities in
the years 1990, 2000, 2010, and 2020 can be found in Table S1 of the Additional file 1. In the
main body of the paper, our focus is on visually analyzing these metrics from four distinct
perspectives: geographical, temporal, group evolution, and desegregation scale limit.

3.1 Geographical perspective
The geographical perspective serves the purpose of visually depicting spatial variations in
the racial characteristics of cities across the contiguous United States. Figure 2 comprises
four maps corresponding to the years 1990, 2000, 2010, and 2020, respectively. Cities are
represented by disks of varying sizes and colors. In order to facilitate visual data analysis,
the size of each disk is proportional to the diversity metric (NH), while the darkness of its
color corresponds to the segregation metric (H).

The primary utility of Fig. 2 lies in visually examining a map for a particular year to dis-
cern regional disparities in the diversity and segregation of US cities, and to observe how
these disparities evolve over time. For instance, the 1990 map clearly indicates that cities
in regions 9 (California) and 6 (Texas) exhibited, on average, higher levels of diversity and
lower levels of segregation compared to cities in the other regions. The 2020 map reveals
that, on average, cities in regions 9 (California) and 6 (Texas) experienced a slight increase
in diversity and a slight decrease in segregation over the span of 30 years. However, during
the same period, cities in other regions witnessed more substantial increases in diversity
and decreases in segregation, on average.
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Figure 2 Div/seg change during the 1990-2020 period visualized from the geographic perspective. Cites are
shown in their geographic positions as disks. The size of the disk is proportional to the value of metric NH
(racial diversity) and the color of the disk indicates the value of metric H (racial segregation) States are colored
by federal regions

Table 1 Diversity and segregation metrics for standard federal regions

Region City 1990 2000 2010 2020 1990-2020

Div/Seg Div/Seg Change Div/Seg Change Div/Seg Change Change

1 3 1.70 2.07 22% 2.38 15% 2.86 20% 68%
0.30 0.26 –12% 0.24 –10% 0.20 –16% –34%

2 4 1.92 2.25 17% 2.47 10% 2.89 17% 51%
0.35 0.31 –12% 0.27 –11% 0.22 –19% –37%

3 6 2.00 2.33 17% 2.65 14% 3.08 16% 54%
0.34 0.28 –12% 0.23 –16% 0.19 –19% –44%

4 14 1.88 2.33 24% 2.66 14% 3.06 15% 62%
0.31 0.25 –18% 0.21 –16% 0.18 –17% –43%

5 10 1.80 2.11 18% 2.36 12% 2.75 16% 53%
0.43 0.35 –18% 0.29 –17% 0.15 –19% –44%

6 9 2.43 2.72 12% 2.90 7% 3.22 11% 32%
0.25 0.22 –12% 0.19 –14% 0.24 –17% –37%

7 2 1.78 2.05 15% 2.29 12% 2.67 17% 50%
0.43 0.35 –19% 0.29 –17% 0.22 –23% –49%

8 2 1.81 2.22 22% 2.47 11% 2.81 14% 54%
0.15 0.15 –1% 0.14 –7% 0.11 –20% –26%

9 9 2.69 3.17 18% 3.36 6% 3.60 7% 34%
0.43 0.35 –7% 0.29 –7% 0.24 –13% –25%

10 2 1.72 2.22 29% 2.59 17% 3.11 20% 81%
0.14 0.10 –24% 0.09 –11% 30.08 –13% –41%

The regional disparities depicted in Fig. 2 are quantified in Table 1. This table provides
the average diversity (Div) and segregation (Seg) metrics for cities located in ten different
regions for the period spanning 1990 to 2020, as well as the changes observed in these
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metrics between consecutive censuses, expressed as a percentage change in the values
of NH (or H for segregation) relative to the preceding census. The first column is the ID
number of the region, the second column is the number of cities in the region, and the third
column lists values of NH (top) and H (bottom) in 1990. The next six columns correspond
to the years 2000, 2010, and 2020. There are two columns for each year, the first shows the
values of NH (top) and H (bottom), and the second shows values of percentage change of
NH (top) and H (bottom) from the previous census year. The last column represents the
percentage change from 1990 to 2020.

The findings obtained from the geographical perspective analysis can be summarized
as follows:

• Throughout each decade, diversity increased and segregation decreased in all regions.
In 1990, cities, on average, consisted of two sizable racial groups, whereas in 2020, the
average city had three sizable racial groups.

• In 1990, the levels of diversity and segregation exhibited strong regional disparities
among US cities. Over the course of the next 30 years, these regional differences
persisted, albeit to a lesser extent. Cities in regions 9 (California) and 6 (Texas)
remained the most diverse and least segregated, on average. Cities in regions 5 and 7
(Midwest) remained the least diverse and most segregated, on average. Cities in
region 10 (Portland, OR, Seattle, WA) exhibited relatively low segregation in 1990 and
managed to maintain this low level while increasing their diversity over the
subsequent 30 years.

• The level of diversity seems to reach a threshold at the presence of the four major
racial groups. This observation may be attributed to the classification system used by
the U.S. Census, which only distinguishes four significantly populous racial groups.

3.2 Temporal perspective
The objective of the temporal perspective is to visually compare the rates of change in di-
versity and segregation indices across different cities. The visualization method employed
is the same for both diversity, quantified by values of NH, and segregation, quantified by
values of H .

To analyze diversity, we begin by arranging the cities in ascending order based on their
1990 values of NH. Figure 3 represents this ranked list as a blue chain of points (rank, NH).
By construction, the values of NH in this chain increase monotonically with the rank, rang-
ing from the least diverse city (Knoxville, TN) to the most diverse city (Los Angeles, CA).
Subsequently, using the 1990 city ranking, we plot their corresponding values of NH for
the years 2000 (a chain of yellow points), 2010 (a chain of green points), and 2020 (a chain
of red points).

The first notable observation is that, in general, the yellow chain lies above the blue
chain, the green chain lies above the yellow chain, and the red chain lies above the green
chain. Therefore, racial diversity tends to increase monotonically over time in the majority
of cities. The average (± standard deviation) increases in diversity between consecutive
censuses are �NH = 0.38 ± 0.19, 0.26 ± 0.13, and 0.37 ± 0.12 for the periods 1990-2000,
2000-2010, and 2010-2020, respectively. Notably, El Paso, TX deviates from this trend.
Racial diversity in El Paso, TX decreased from 1990 to 2000 and again from 2000 to 2010,
before experiencing a slight increase from 2010 to 2020. This is attributed to the fact that
the population of El Paso, TX has predominantly become Hispanic since 1990.
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Figure 3 Comparison of temporal changes of diversity (NH) in the set of 61 cites. The coordinates of dots are
the pairs (city, its diversity). Abscissas of the dots identify a city by their 1990 diversity ordering from the
smallest to the largest. Ordinates of the dots are the diversity values in a year as indicated by the dots’ colors.
Names are shown only for 29 selected cities to avoid overlapping. Two color bars link cities to the regions in
which they are located. The upper bar corresponds to the 1990 ordering (in agreement with the x-axis), while
the lower bar corresponds to the 2020 ordering

Another observation is that, unlike the blue chain, the yellow, green, and red chains
do not exhibit a monotonic increase in relation to the 1990 rank, resulting in a zig-zagged
visual pattern. This indicates that the diversity-based rankings of cities are reshuffled after
each census due to varying degrees of diversity growth in different cities (as evident from
the relatively large standard deviations of diversity growth mentioned earlier).

On average, there was an increase in diversity during the entire 1990-2020 period, with
�NH = 1.01 ± 0.35 across all 61 cities. It is important to note that NH represents the effec-
tive number of distinct population groups in a city. Therefore, an average increase of NH

by approximately 1 indicates that, on average, the racial composition of a city saw an in-
crease of one significant group during the 1990-2020 period. Some of the smallest changes
in diversity occurred in cities that were already highly diverse in 1990 (located in the up-
per right corner of Fig. 3). Los Angeles, CA serves as a good example, as it already had
NH = 3.3 in 1990. Given that Hill’s number represents the number of distinct subpopu-
lations significantly contributing to the population, and considering that the census lists
only four significant populations (Whites, Blacks, Hispanics, and Asians), there is limited
room for the growth of NH in Los Angeles from its 1990 value.

In Fig. 3, two color bars positioned below the x-axis establish a connection between
the locations of individual cities (by region) and their diversity rankings. The upper bar
represents the 1990 ordering, while the lower bar represents the 2020 ordering. Analyzing
these two bars qualitatively provides insights into regional diversity trends. For instance,
we observe that region 9 (California) consistently dominates high diversity rankings in
both 1990 (five of the top ten) and 2020 (four of the top ten).
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Figure 4 Comparison of temporal changes of segregation (H) in the set of 61 cites. The coordinates of dots
are pairs (city, its segregation). Abscissas of the dots identify a city by their 1990 segregation ordering from the
smallest to the largest. Ordinates of the dots are the segregation values in a year indicated by the dots’ colors.
Names are shown only for 29 selected cities to avoid overlapping. Two color bars link cities to the regions in
which they are located. The upper bar corresponds to the 1990 ordering (in agreement with the x-axis), while
the lower bar corresponds to the 2020 ordering

Figure 4 presents a comparison of segregation rankings. The construction of this figure
follows the same approach as that of Fig. 3: cities are ranked based on their 1990 seg-
regation values (measured by H). The figure illustrates that, in general, segregation has
been decreasing nationwide over time. However, there is a notable exception in Miami,
FL, where segregation increased from 1990 to 2000 before starting to decrease. On average
(± standard deviation), there is a decrease in segregation between consecutive censuses:
�H = –0.05 ± 0.03, –0.04 ± 0.02, –0.04 ± 0.02 for the periods 1990-2000, 2000-2010, and
2010-2020, respectively. The average decrease in segregation during the entire 1990-2020
period is �H = –0.12 ± 0.07. It is worth noting the relatively large standard deviations in
all years, indicating varying rates of desegregation across different cities. This variability
contributes to the zig-zagged pattern observed in the chains of dots representing 2000,
2010, and 2020 in Fig. 4.

The analysis of Figs. 3 and 4 yields the following findings:
• Racial diversity in US cities has exhibited a consistent upward trend from 1990 to

2020. On average, there has been an increase of approximately one significant racial
group (NH ∼ 1) in the population of an average US city over the course of 30 years.

• Racial segregation in US cities has shown a consistent downward trend from 1990 to
2020. On average, there has been a decrease of H = –0.12 in segregation over the
30-year period. The magnitude of this decrease in the index H does not have a
straightforward intuitive interpretation.
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Figure 5 Group evolution analysis of 1990-2020 diversity/segregation data. Div/Seg data in 1990 is stratified
into 6 distinct groups. The color of each city represents its group membership. Over the years 2000, 2010, and
2020, cities transition to different positions in the Div/Seg diagram, while maintaining their original group
membership (color) from 1990. To prevent overlapping, only names of selected 29 city names are shown. The
temporal evolution of each named city can be traced from 1990 to 2020. The temporal evolution of each
named city can be traced from 1990 to 2020

3.3 Groups evolution perspective
In this analysis, our focus is on the temporal evolution of city groups rather than individ-
ual cities. Each group consists of cities that exhibited similar characteristics in the (NH, H)
space in 1990. The objective is to investigate whether these groups maintain their coher-
ence and distinctiveness over time.

The initial distribution of the data in the (NH, H) space in 1990 is depicted in the upper-
left panel of Fig. 5. Without considering the color labels, it can be observed that the 1990
data points are evenly dispersed across the (NH, H) space, lacking any discernible inherent
structures. Nevertheless, we proceed with the stratification of the 1990 data. Stratification
involves dividing the dataset into approximately homogeneous subsets or groups based on
specific criteria. In this case, the criteria are the similarity of the diversity and segregation
metrics, NH and H .

To stratify the 1990 data, we utilize the k-means algorithm [30] with the number of
groups set to 5, 6, or 7. Given the absence of inherent structure in the (NH, H) space, the
choice of k is arbitrary. However, we explore different values of k to ensure the robustness
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Table 2 Temporal change of the values of inhomogeneity and silhouette metrics in 6 1990-defined
groups

Group Group description Cites 1990 2000 2010 2020

Inh. Inh. Inh. Inh.
Sil. Sil. Sil. Sil.

1 (dark green) low diversity and
low segregation

Providence, Albany, Knoxville, Greenville,
Minneapolis, Salt Lake City, Portland

0.2 0.18 0.17 0.15
0.26 0.29 0.33 0.34

2 (red) low diversity and
high segregation

Buffalo, Pittsburgh, Philadelphia, Memphis,
Louisville, Birmingham, Milwaukee,
Indianapolis, Detroit, Dayton, Cleveland,
Cincinnati, St. Louis

0.19 0.21 0.21 0.19
0.39 0.28 0.17 0.10

3 (light green) medium diversity
and low
segregation

Virginia Beach, Raleigh, Orlando,Tulsa,
Oklahoma City, El Paso, Denver, Phoenix, Las
Vegas, Seattle

0.11 0.15 0.18 0.19
0.51 0.16 –0.16 –0.30

4 (orange) high diversity and
low segregation

San Antonio, Austin, Albuquerque,Tucson, San
Francisco, San Diego, Sacramento, Riverside,
Fresno

0.16 0.15 0.14 0.13
0.31 0.22 0.12 0.08

5 (dark red) high diversity and
moderate to high
segregation

New York, Washington, Chicago, New Orleans,
Houston, Dallas, Los Angeles

0.24 0.21 0.17 0.14
0.14 0.22 0.29 0.37

6 (blue) low diversity and
medium
segregation

Hartford, Boston, Rochester, Richmond,
Harrisburg,Tampa, Nashville, Miami,
Jacksonville, Greensboro, Charlotte, Atlanta,
Grand Rapids, Columbus, Kansas City

0.15 0.19 0.18 0.16
0.35 0.10 –0.05 –0.14

of our findings. Although the three stratifications result in some variations in the grouping
of cities, all three approaches yield the same overarching conclusions, as outlined at the
end of this subsection. Figure 5 and Table 2 present the results for stratification with k = 6.

Table 2 summarizes the cities belonging to each group, and the short description for
each groups assigned based on the segregation/diversity level. It is important to note that
the stratification of cities is solely based on the values of NH and H , and no information
regarding population sizes or racial compositions is considered.

Over the years 2000, 2010, and 2020, cities transition to different positions in the Div/Seg
diagram, while maintaining their original group membership (color) from 1990. To pre-
vent overlapping, only selected city names are shown.

In the remaining three panels of Fig. 5, we depict the data from the years 2000, 2010, and
2020 in the (NH, H) space while maintaining their 1990 group color labeling. The purpose
of this representation is to track the temporal evolution of groups of cities that were ini-
tially similar in terms of NH and H in 1990 within the (NH, H) space. Figure 5 offers three
key observations.

1 The entire dataset shows a shift towards the lower-right corner of the (NH, H)
diagram, reflecting the overall trend of increasing diversity and decreasing
segregation.

2 As a result of this trend, all groups, except for group #4 (orange, highly diverse and
low segregated cities), do not maintain their initially assigned characteristics (i.e.,
their positions in the (NH, H) diagram) from 1990. Group #4 retains its
characteristics because it was already identified as high-diversity/low-segregation in
1990, and there is no alternative location on the (NH, H) diagram where it could be
shifted by the overall trend.
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3 The other groups experience shifts but mostly preserve their coherence. In 2020,
cities within these groups occupy different positions on the (NH, H) diagram
compared to 1990, yet they remain similar to one another in terms of their diversity
and segregation metrics, NH and H . One exception is group #3, which “lose” one
city (El Paso, TX) that deviates from the overall trend of increasing diversity.

Table 2 presents two metrics, namely inhomogeneity (inh.) and silhouette (sil.), which
quantify the observations discussed in the preceding paragraph. The inhomogeneity mea-
sures the similarity of the cities in a group, and it can range from 0 to 1. The smaller the
value of inhomogeneity, the more similar the cities are. On the other hand, the silhou-
ette metric [31] assesses the distinctiveness of a given group compared to other groups.
It ranges from –1 to 1, with larger values indicating higher distinguishability. In our con-
text, the silhouette metric measures the degree of similarity between cities within a group
relative to their similarity with cities in other groups.

Each entry in Table 2 provides a quantitative assessment of the temporal evolution
within a specific group. It includes the group’s identification number, member cities, and
the values of the inhomogeneity metric (upper row) and silhouette metric (lower row)
from 1990 to 2020. The inhomogeneity metric values for a given group do not exhibit
systematic changes over time, supporting our observation of coherence preservation. The
only group that shows a systematic increase in the inhomogeneity value is group #3, which
includes El Paso, TX. The values of the silhouette metric demonstrate systematic changes
over time. Specifically, they increase over time in group #1 (cities with low diversity and
low segregation) and, particularly, in group #5 (highly diverse cities with moderate to high
segregation). Consequently, in terms of the similarity of their member cities based on di-
versity and segregation metrics, group #5 (which includes many of the largest US cities)
and group #1 become more distinguishable from other groups in 2020 compared to 1990.
Conversely, values of the silhouette metric systematically decrease over time in the re-
maining groups.

Evaluation of our survey data from the perspective of group evolution reveals the fol-
lowing findings:

• Cities that were grouped together in 1990 based on their similarity in terms of
diversity and segregation metrics continue to exhibit similarity in 2020. This indicates
that the trend towards increasing diversity and decreasing segregation has impacted
all cities within the 1990 groups in a similar manner. This finding is intriguing because
the groups consist of cities from different regions of the US, with their only
commonality in 1990 being the values of NH and H . However, over the course of 30
years, the evolution of racial geography has influenced their NH and H values in a
similar fashion. One exception is group #3, where El Paso, TX, located on the
US-Mexico border, has maintained its relatively low diversity due to its predominantly
Hispanic population.

• The majority of groups identified in 1990 have lost their distinctiveness by 2020. The
evolution of racial geography, characterized by increased diversity and decreased
segregation, has compressed the (NH, H) space into a smaller domain compared to
1990. As a result, the groups defined in 1990 now overlap on the (NH, H) diagram.
However, groups #1 and #5 are exceptions to this trend, as they not only maintained
their distinctiveness but actually increased it in relation to the other groups. However,
with different groupings (k = 5 or k = 7) such exceptions are absent.
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3.4 Spatial scale limit of desegregation
The ultimate goal of desegregation would be to achieve city-wide subpopulation shares
across all measurement scales. Imagine a city with equal shares of different subpopulation
at the scale of the city. In an ideal scenario of perfect desegregation, a one-person-per-dot
map [32] of a this city would look like a random noise of dots colored by the race of inhab-
itants. However, the reality is quite different, as the dot maps of actual US cities deviate
significantly from this random noise pattern. Instead, they exhibit notable spatial auto-
correlation, which is indicative of segregation (for example, refer to Fig. 1 in Dmowska et
al. [19]).

Spatial auto-correlation of racial maps is most pronounced at the smallest available mea-
surement scale, namely the scale of the census block. This phenomenon becomes evident
when examining the diversity values of these blocks. On a racial level, blocks tend to ex-
hibit a high degree of homogeneity. For instance, in 2010, the average diversity value (NH)
for urban blocks was only 1.28, whereas the average diversity value for urban tracts (larger
units than blocks) stood at 2.90 [33]. In terms of population, census blocks typically range
from a few hundred to a few thousand people, while census tracts are generally an order of
magnitude more populous. It’s important to note, however, that the size of the population
does not directly impact the values of NH and H . It should be noted that segregation met-
rics cannot be directly calculated for blocks. Calculating H metric required to divide area
into subdivisions, and blocks are the smallest available subdivisions provided by the US
Census. However, given their propensity to resemble monoracial enclaves, blocks serve as
a lower limit for the scale of desegregation.

The aim of this analysis is to examine whether the lower limit on the scale of desegrega-
tion has weakened over the period from 1990 to 2020. A direct approach to this analysis
would involve calculating the diversities of blocks at each of the four census years and
comparing their values. However, in order to maintain consistency with the methodol-
ogy used in Sect. 3.2, we employ an indirect approach that compares two different ways
of calculating the segregation metric, H , for the entire city. One approach utilizes tracts
as subdivisions of the city, while the other employs blocks as subdivisions. For each city
in each census year, we calculate �H = Hb – Ht, where the subscripts b and t refer to the
division into blocks and tracts, respectively. The value of �H is guaranteed to be positive
because tracts are more diverse than blocks (see Eq. (2)). However, if �H decreases over
time, it suggests that the diversity of blocks is increasing relative to the diversity of tracts.
In other words, the lower limit on the scale of desegregation is weakening.

Figure 6 displays the values of Ht (represented by blue dots) and Hb (represented by red
dots) as a function of the rank of Ht for the 61 cities in each census year. It is worth noting
that the abscissas of the red dots are identical to those of the blue dots; only the ordinates
differ. In this graphical representation, the horizontal distance between a red dot and a
blue dot represents the value of �H for a particular city. Consistently, the red dots are
positioned above the blue dots as expected. However, a slight trend toward smaller values
of �H over time is observed. This observation is quantified in Table 3.

Based on the analysis of Fig. 6 and Table 3, the following findings emerge.
• During the period from 1990 to 2020, there has been a slight decrease in the gap

between segregation values calculated from blocks and tracts for cities. This suggests
that blocks have experienced an increase in diversity relative to tracts, thereby
weakening the lower limit of desegregation scale.
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Figure 6 Values of segregation metric H of cites in the survey in 1990 to 2020. Values of segregation metric H
of cites in the survey are plotted as a function of an order by the increasing values of Ht . Blue dots correspond
to values of Ht (tract-based) and red dots correspond to values of Hb (block-based). Names are shown only for
29 selected cities to avoid overlapping

Table 3 Segregation: block-based versus tract-based

Year 〈�H〉 SD(�H) Max(�H) Min(�H)

1990 0.146 0.050 0.35 (Greenville 0.57-0.22) 0.08 (Los Angeles 0.38-0.30)
2000 0.130 0.037 0.27 (Greenville 0.44-0.17) 0.08 (San Diego 0.27-0.19)
2010 0.120 0.030 0.21 (Greenville 0.35-0.14) 0.07 (Los Angeles 0.35-0.28)
2020 0.110 0.025 0.18 (Birmingham 0.35-0.14) 0.06 (San Diego 0.22-0.16)

• The standard deviation of segregation gaps among the surveyed cities has significantly
decreased throughout the 1990-2020 period. This indicates that the differences in
segregation gaps have become more uniform across cities, suggesting a convergence
in the patterns of racial segregation.

• In 1990, cities in region 4 (Southeast) exhibited the highest values of �H , indicating
greater disparities between block-based and tract-based segregation measures.
Conversely, cities in regions 9 (California) and 5 (Midwest) had the smallest values of
�H , indicating lower differences between the two measures. By 2020, the regional
disparities in �H had diminished to some extent. However, cities in region 4 still
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displayed relatively high values of �H , while cities in region 9 (excluding region 5)
continued to show relatively low values of �H .

4 Conclusions and discussion
Residential racial segregation is a significant topic in American urban studies [34]. So-
ciologists generally associate racial segregation with racial inequality [35–37], and a de-
crease in segregation is seen as an indicator of social progress. Consequently, following
each US decennial census, comparisons between the latest and previous segregation data
are conducted to assess the state of this aspect of social progress (see references in the
Introduction).

In our study, we have conducted such analyses using the most recent 2020 US Census
data, comparing it with data from the 1990, 2000, and 2010 US Censuses. To the best
of our knowledge, this is the first comprehensive comparison of multigroup metrics of
urban segregation and diversity that encompasses all four recent censuses. Our paper is
organized in a way that presents specific conclusions from each investigative perspective
in bullet lists at the end of Sects. 3.1, 3.2, 3.3, and 3.4. Therefore, we will not provide a
detailed repetition of those conclusions here. Instead, we will compare our findings with
those obtained in previous studies when there is overlapping context.

Elbers [38] published a concise 3-page paper presenting a graph depicting the tempo-
ral variation of the population-weighted average value of H over the 1990-2020 period.
The analysis was conducted on a sample of 228 US cities. The findings from Elbers’ study
align with the results obtained from our temporal perspective analysis (Sect. 3.2), particu-
larly when we consider the population-weighted averages of our segregation and diversity
metrics. However, as emphasized in the Introduction, relying solely on sample-averaged
values of segregation and diversity metrics significantly compresses the data, limiting our
ability to extract comprehensive information about temporal changes in residential racial
configuration. To gain a more nuanced understanding, our visual analysis approach allows
for the examination of trends for each city in the sample individually, as well as the trend
for the entire sample as a whole. This enables us to capture a broader range of insights
regarding residential racial dynamics over time.

Logan et al. [16] conducted a comprehensive evaluation of segregation change spanning
the 1980-2020 period. However, their analysis primarily concentrated on binary segre-
gation, specifically examining the segregation of a particular group from the rest of the
population and the segregation between two individual groups. In a similar vein, Frey [15]
examined changes in diversity and binary segregation over the 2000-2020 period. While
these studies offer valuable insights, their focus differs from our temporal perspective anal-
ysis, which specifically emphasizes multigroup segregation. As a result, these studies serve
as complementary investigations rather than direct comparisons to our findings.

A subset of the findings from our geographical perspective analysis (Sect. 3.1) can be
compared to the study conducted by Bellman et al. [14]. In their work, they presented
normalized values of E and H for the years 2000 and 2010, not only for their entire sam-
ple, but also for four sub-samples categorized by the geographical locations of the cities:
Northeast, Midwest, South, and West. To facilitate the comparison, we aggregated our
2000-2010 results based on the standard federal regions into four groups: regions 1, 2,
and 3 were combined to represent the Northeast, regions 5, 7, and 8 were combined for
the Midwest, regions 4 and 6 were grouped for the South, and regions 9 and 10 were con-
sidered as the West. Subsequently, we recalculated the values of NH in Table 1 to obtain
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Table 4 Regional values of E and H: This study versus [14]

This study [14]

Year E H Year E H

Northeast 2000 0.58 0.28 2000 0.64 0.47
2010 0.66 (+14%) 0.25 (–11%) 2010 0.72 (+13%) 0.42 (–11%)

Midwest 2000 0.55 0.28 2000 0.55 0.52
2010 0.63 (+15%) 0.24 (–14%) 2010 0.61 (+11%) 0.45 (–13%)

South 2000 0.68 0.235 2000 0.69 0.43
2010 0.74 (+9%) 0.20 (–15%) 2010 0.76 (+10%) 0.37 (–14%)

West 2000 0.75 0.225 2000 0.75 0.34
2010 0.79 (+5%) 0.19 (–15%) 2010 0.79 (+5%) 0.30 (–12%)

the values of normalized E. This allows for a rough comparison to the results reported by
Bellman et al. The outcomes of this comparison are presented in Table 4.

The analysis of the data presented in Table 4 reveals a notable agreement between our
study and the work conducted by Bellman et al [14]. The values and growth rates of diver-
sity metrics during the 2000-2010 period are remarkably similar between the two studies.
However, there is a difference in the values of segregation indices, with our study reporting
smaller values compared to those listed by Bellman et al. This disparity can be attributed
to the fact that the two studies employ different measurement scales for assessing seg-
regation. Our use of a larger measurement scale naturally results in smaller segregation
index values. It is important to note that despite the variation in segregation index values,
the percentage decline rates of segregation during the 2000-2010 period are very similar
between the two studies. It should be acknowledged that Bellman et al. did not investigate
changes during the 1990-2000 or 2010-2020 periods.

Our study encompasses two additional investigative perspectives, namely groups evo-
lution (Sect. 3.3) and desegregation scale limit (Sect. 3.4), which, to the best of our knowl-
edge, have not been explored previously. The group evolution analysis revealed that in
2020, the groups of cities established in 1990 maintained their group coherence but expe-
rienced a loss of distinctiveness. This loss of distinctiveness can be attributed to the overall
trend observed during the 1990-2020 period, which was characterized by increasing di-
versity and decreasing segregation. Thus, the cities belonging to the 1990 groups with low
diversity and high segregation shifted towards the higher diversity and lower segregation
sector of the (NH, H) diagram. Meanwhile, the cities from the 1990 groups with higher di-
versity and lower segregation remained relatively unchanged as the value of the diversity is
constrained by the number of groups considered in the census. This results in an overlap
of the 1990 groups in 2020. The desegregation scale limit analysis aims to evaluate changes
in the “texture” of segregation. The results indicate that the texture of segregation is be-
coming “finer” as census blocks are losing their monoracial character. This desegregation
scale limit perspective analysis is another unique contribution of our study.

Overall, our study reveals that over the course of three decades following 1990, the res-
idential composition and spatial distribution of racial subgroups in US cities have exhib-
ited a consistent trend: an increase in diversity accompanied by a decrease in segregation.
However, it is important to note that the rates of change for these two metrics varied across
different regions of the US (refer to Table 1). Generally, cities that were already diverse and
relatively desegregated in 1990 exhibited slower rates of change, while those with lower
initial diversity and higher levels of segregation experienced more rapid changes.
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This finding suggests the existence of thresholds for the maximum value of NH, which
can be attributed to the fact that the US census identifies only four sub-populations with
significant shares. On the other hand, the observed lower limit of segregation is likely
influenced by the individual choices of inhabitants. This hypothesis is supported by the
results of our desegregation scale limit analysis, which indicate that desegregation has
been slow to penetrate the finer spatial scales of sub-tracks (refer to Table 3). Spatially-
explicit forecasting studies [39, 40] also support this trend, indicating that the trajectory
of increasing diversity (in cities where diversity can still increase based on the available
census data) and decreasing segregation is expected to continue until the year 2030.
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