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Quantifying ethnic segregation in cities through random walks

Sandro Sousa1 and Vincenzo Nicosia1

1School of Mathematical Sciences, Queen Mary University of London, London E1 4NS, United Kingdom

Socioeconomic segregation is considered one of the main factors behind the emergence of large-scale
inequalities in urban areas, and its characterisation is an active area of research in urban studies.
There are currently many available measures of spatial segregation, but almost all of them either
depend in non-trivial ways on the scale and size of the system under study, or mostly neglect
the importance of large-scale spatial correlations, or depend on parameters which make it hard
to compare different systems on equal grounds. We propose here two non-parametric measures of
spatial variance and local spatial diversity, based on the statistical properties of the trajectories
of random walks on graphs. We show that these two quantities provide a consistent and intuitive
estimation of segregation of synthetic spatial patterns, and we use them to analyse and compare
the ethnic segregation of large metropolitan areas in the US and the UK. The results confirm that
the spatial variance and local diversity as measured through simple diffusion on graphs provides
meaningful insights about the spatial organisation of ethnicities across a city, and allows us to
efficiently compare the ethnic segregation of urban areas across the world irrespective of their size,
shape, or peculiar microscopic characteristics.

Spatial heterogeneity is a characteristic aspect of a va-
riety of complex systems, from urban areas to ecosys-
tems [1, 2], and the presence of non-trivial spatial pat-
terns in the organisation of such systems has a substan-
tial impact on their functioning and dynamics [3]. This
is the main reason why the quantitative characterisation
of complex spatial patterns has received much attention
in different fields, from urban studies to biology, from ge-
ography to economics, from transportation to engineer-
ing [4–7].

A particularly pressing problem in this field is the
quantification of spatial segregation, i.e., the tendency
of the units of a system to form uniform agglomer-
ates around closely-located areas (neighbourhoods, cen-
sus tracts, wards, etc.). A typical example is that of
segregation of urban areas by socio-economic indicators,
including ethnicity, income, education or religion, which
is known to be associated with urban wealth, security,
and liveability [2, 3]. The standard approach in this case
is to devise measures of how the local density and het-
erogeneity of the property under study, as obtained from
census data at a given scale, compares with the distri-
bution at the system level, under the assumption that
in a non-segregated system the local distribution of, say,
ethnicity would closely mirror the overall distribution at
the city level [8–14].

There is general agreement about the fact that spa-
tial segregation is a multifaceted characteristic of a sys-
tem. Indeed, the literature distinguishes different dimen-
sions of the phenomenon [10, 15], namely spatial expo-
sure/isolation, which measures the extent to which the
members of one group are in close contact with mem-
bers of another group due to their placement in space,
and spatial evenness/clustering, which quantifies how
uniformly groups are distributed in space. Despite this
framework is extensively used when referring to spatial
segregation patterns, there is no consensus on how these
aspects of spatial segregation should be quantified, or
on how to compare the levels of segregation in different

urban systems [1–3]. In fact, quantifying spatial segre-
gation is still problematic, mainly because most of the
measures proposed in the literature depend on the scale
at which neighbourhoods are defined, on the granularity
of the census data available, or on the presence of free
parameters [16, 17]. A growing body of literature has
recently started examining urban segregation within the
paradigm of network science [2, 18, 19], which consists
in analysing one or more graphs associated to an urban
system —e.g., census tract adjacency, urban transporta-
tion, commuting, etc.— and deriving descriptive statis-
tics from the ratios of within-group and between-group
connectivity in those graphs [20–25].
Here we propose a principled framework to quantify

the level of segregation of a spatial system and to com-
pare the segregation of different systems, based on the
statistics of random walks on graphs [25–30]. We consider
the symbolic time series of node properties generated by
the trajectories of a random walker through the graph,
and we analyse the spatial distribution of the Class Cov-
erage Time (CCT), that is the expected number of steps
required by a random walk to visit a certain fraction of
all the classes present in the system, when starting from
a generic node. We purposely avoid here the challenge
of directly defining segregation, assuming that the ab-
sence of segregation is indicated by the concordance of
the statistics of coverage time with those observed in an
appropriate null-model. We use this framework to quan-
tify the ethnic segregation of urban systems in the US
and the UK, and we show that the distribution of class
coverage times provides quite useful insight on the mi-
croscopic, meso-scopic, and macro-scopic organisation of
population throughout a city.

MODEL

Let us consider a spatial graph [18] G(V,E) consisting
of N = |V | nodes and K = |E| edges, and assume that
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FIG. 1. Fictitious maps of Greater London with 7 ethnic-
ities associated to each ward. In panel (A) the ethnicities
are distributed uniformly at random across the city, to simu-
late a maximally homogeneous and unsegregated pattern. In
this case, a random walker starting from any ward will get
in touch with all the available ethnicities within a relatively
small number of steps. In panel (B) we imposed an artificial
and substantial clustering of ethnicities, In this case, a walker
starting in the middle of a cluster will need a lot more time to
visits all the other ethnicities. This observation leads to the
idea of using the statistics of Class Coverage Time to quan-
tify the level of segregation and heterogeneity of an urban
area with respect to a given variable of interest.

each node i is associated to a certain variable of inter-
est xi, which can in principle be either a scalar value,
e.g., the average income of people living in the area rep-
resented by node i, or vectorial, e.g., the ethnic distribu-
tion at node i. We are interested in characterising the
spatial distribution of xi, that is, to which extent nodes
being close to each other in the graph also have simi-
lar values of xi or form homogeneous clusters. In the
specific case of urban segregation, we actually want to
quantify how homogeneous is the distribution of Γ dis-
tinct groups across a city, where the groups can represent
ethnicities, income classes, education levels, etc. In this
case, the variable of interest at each node i is the vector
xi = {mi,1,mi,2, . . . ,mi,Γ}, where mi,α is equal to the
number of citizens of class α living in the census tract
associated to node i.
Moving from the observation that uniform random

walks on a graph preserve a lot of information about
the structure of the graph [31–33], we propose to quan-
tify the heterogeneity of the spatial distribution of xi by
means of the temporal statistics of the symbolic dynam-
ics {ϕi0 , ϕi1 , ϕi2 , . . .} associated to the generic trajectory
{i0, i1, i2, . . .} of a uniform random walk on G [29], where
ϕit is an appropriately-chosen function of xit . It is worth
stressing that in general ϕit can be constructed in many
different ways, and could depend not only on the specific
quantity xi we are interested in, but also on the actual
time t at which a walker visits node i.

As a simple example, we show in Fig. 1 the planar
graphs associated to the map of wards in Greater Lon-
don (UK). Here, nodes represent wards and two nodes
are connected by an edge if the corresponding wards are
bordering each other. We associate to each node i the

vectorial variable xi = {mi,1,mi,2, . . . ,mi,Γ}, that is the
(fictitious) ethnicity distribution of the residents at i. In
this case, we set ϕi equal to the most abundant ethnicity
at i, and we coloured each node in the figure accordingly.
In Fig. 1A the ethnicities are distributed uniformly at
random across the city, simulating a maximally homoge-
neous and unsegregated pattern, while in Fig. 1B we im-
posed an artificial clustering of ethnicities in neighbour-
ing areas, to simulate an extremely segregated scenario.
Note that a random walker starting from any of the ar-
eas in panel A will in general require a small amount of
time to encounter all the classes (ethnicities), since each
class is reachable from any ward within a few hops. Con-
versely, a walker starting inside one of the large clusters
in panel B will require a considerably larger amount of
time to visit another class, and a comparatively much
larger amount of time to visit all the classes in the city.
This suggests that the number of time steps needed to
a random walker to visit all the ethnicities in a urban
area actually contains very useful information about the
spatial organisation of ethnicities across the system.
Starting from this observation, we propose here to

quantify the level of segregation of an urban area with
respect to a categorical variable that the Γ ethnicities
present in an urban area by means of the Class Cover-
age Time (CCT) of a random walk on the corresponding
graph. This is the number of steps needed by a walker
started at a generic node i0 to visit a prescribed fraction
c of all the Γ classes. If classes are distributed uniformly
across the city, the class coverage time will not depend
heavily on the starting node i0. Conversely, if classes
tend to form homogeneous groups and clusters, then the
amount of steps needed to visit a given fraction c of all the
ethnic groups present in the city will actually depend on
the shape, size, and depth of the cluster from which the
walker starts and of the other clusters present in the sys-
tem. In general, higher heterogeneity in the spatial dis-
tribution of class coverage time will correspond to higher
spatial constraints and signal the presence of segregation.
More formally, let us consider a random walk that

starts from a node i and visits the sequence of nodes
{i = i0, i1, i2, . . . , it, . . .} at subsequent discrete time
steps t = 0, 1, 2, . . . , t, . . .. We call Wi(t) the fraction
of distinct classes encountered by the walker up to time
t when it started from node i at time 0, and we compute
the average over R independent realisations of the walk:

Wi(t) =
1

R

R∑

1

Wi(t) (1)

We define the Class Coverage Time (CCT ) of node i at
level c as the expected number of steps after which the
walker has encountered a fraction c of the Γ classes for
the first time, that is:

Ci(c) = argmin
t

{
Wi(t) = c

}
(2)

We characterise the distribution of Class Coverage Time
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of a given system by looking at its mean:

µ(c) =
1

N

N∑

i=1

Ci(c), (3)

its coefficient of variation:

σ(c) =
√
V ar(Ci(c))/µ(c), (4)

and at the level of local spatial diversity, as measured by:

̺(c) =
1

K

N∑

i=1

∑

j<i

aij |Ci(c)− Cj(c)|. (5)

In general, larger values of µ(c) indicate a more het-
erogeneous distribution of classes through the system.
Similarly, larger values of σ(c) correspond to a larger
dependence of CCT on the starting point, which sug-
gest that σ(c) is measuring the overall spatial variance
of class coverage times. Finally, larger values of ̺(c) in-
dicate that neighbouring nodes have very different class
coverage times, signalling the presence of local spatial
diversity.
As we will show in the following, all these three mea-

sures are somehow affected by the relative abundance of
each class and by the size of the graph. For this rea-
son, we will consider the average deviation of each quan-
tity from the corresponding quantity measured in a null-
model:

∆σ =

∫
1

0

dc
∣∣σ(c)− σ(c)null

∣∣ (6)

and

∆̺ =

∫
1

0

dc
∣∣̺(c)− ̺(c)null

∣∣ (7)

The null model we consider consists of the same graph G
as the original system, where the ethnicities distributions
{xi} have been reassigned to nodes uniformly at random,
thus maintaining the relative abundance of classes and
the way they tend to be distributed in a single area while
destroying any existing spatial organisation of classes [2]
(see Methods for details). By comparing σ(c) and ̺(c)
with respect to the null-model we obtain a principled
way to compare spatial systems with different number of
classes and characterised by distinct shapes and scales.
In the following, we call ∆σ “spatial variance” and ∆̺
“spatial diversity”, for obvious reasons.

SIMPLE GEOMETRIES AND SYNTHETIC

CLASS DISTRIBUTIONS

In this section we explore the behaviour of Class Cov-
erage Time in simple planar lattices. We start from
the simple case of two-dimensional lattices with periodic
boundary conditions (tori) where each node is associated
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FIG. 2. Effect of graph size and number of classes on class
coverage times in synthetic system where Γ classes are dis-
tributed uniformly at random across the nodes. (A) Mean
class coverage time µ(c) as a function of c on a torus with
64 (left) and 256 (right) cells. Cover times over 32 classes
are significantly larger than over 2 classes. (B) Size distribu-
tion of uniform clusters formed by adjacent nodes of the same
classes. Larger graph allow for bigger clusters to emerge, for
any number of classes Γ. The legend in (A) marks the cor-
responding distributions in (B). The distributions of cluster
sizes for Γ = 2 are reported in the insets.

to one of the Γ available classes with uniform probabil-
ity. In Fig. 2A we report the plot of µ(c) as a func-
tion of the fraction c of classes reached by the walker on
8 × 8 (left panel) and 16 × 16 lattices (right panel), for
Γ = {2, 4, 8, 16, 32}. As expected, µ(c) is a non-linear
increasing function of c, meaning that reaching a higher
fraction of the classes becomes harder and harder. More-
over, µ(c) is also an increasing function of Γ for a fixed
fraction c, meaning that configurations with more classes
typically exhibit larger coverage times, as expected. By
comparing the two panels it becomes clear that covering a
given percentage c of classes requires comparatively more
time on a larger lattice.
These results are somehow expected, and are due to the

fact that even when classes are distributed uniformly at
random, local clusters of nodes of the same the same class
eventually emerge. In particular, smaller values of Γ and
larger lattice sizes have a higher probability of producing
larger clusters, which effectively contribute to reducing
the probability that the random walk finds a new class
at each time step. Indeed, a walker that enters a large
homogeneous cluster will in general require more time to
visit other classes. These observations are confirmed by
Fig. 2B, where we report the distributions of cluster sizes
for different values of Γ (the case Γ = 2 is in the insets).
The larger values of µ(c) observed in 16 × 16 graph in
Fig. 2A can indeed be associated to the presence of bigger
uniform clusters.
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FIG. 3. Dependence of class coverage times on number of colours, size and shape of domain, and size and shape of homogeneous
clusters in synthetic 2-dimensional lattices (each colour indicates a different class). (A) The nodes are divided in 4 classes of
63 cells placed at quadrants, while the four nodes in the fifth class are arranged, from top to bottom, as a central cluster
(cluster-center), a cluster in a corner (cluster-corner), spread in one of the quadrants (spread-quadrant), and on each of the
corners of the lattice (spread-corners). (B) 32 classes are associated uniformly at random (from top to bottom) to clusters of
8 or 4 cells and to stripes of 4 or 2 cells, on a 16 × 16 lattice. (C) Same patterns as in (B), but on a lattice with a lateral
appendix. We also report in each panel the corresponding profiles of ̺(c) and σ(c), and their values in the corresponding null
model (black dashed lines). The distinct spatial constraints are consistently discriminated by the proposed measured of spatial
variance and spatial diversity.

To study the effect of domain shape and class place-
ment, we considered finite lattices with pre-assigned class
distributions organised in specific patterns (the corre-
sponding distributions of Class Coverage Time are re-
ported in Supplementary Figure S1). In Fig. 3A we show
four arrangements of five classes in a square lattice. In
each arrangement, four of the classes contain N/4 − 1
nodes, and form homogeneous clusters which occupy a
quadrant each. The four nodes in the fifth class, in-
stead, (i) either form a single cluster in the centre (top
panel), or (ii) in one corner of the lattice (second panel
from the top), or (iii) are scattered within another clus-
ter (third panel from the top), or (iv) placed at the four
corners (bottom panel). Notice that all these four pat-
terns are associated to the same null-model, since the
relative abundances of the five classes are kept constant.
Indeed, pattern (i) and (ii) exhibit the largest values of
local spatial diversity and the smallest values of spatial
variance. On the contrary, pattern (iii) and pattern (iv)
have smaller values of local spatial diversity and larger
values of spatial variance, mainly due to the fact that the
nodes in the smallest cluster are on average farther away
from all the others.

To investigate the role of the size and shape of local
clusters, in Fig. (3)B we considered four different random
tilings of the same 16× 16 two-dimensional lattice in 32

classes, respectively organised (from top to bottom) in
(i) 32 rectangular clusters of size 2× 4 (cluster-8), (ii) 64
square clusters of size 2 × 2 (cluster-4), 64 rectangular
clusters of size 1 × 4 (stripe-4) and (iv) 128 rectangular
clusters of size 1×2 (stripe-2). Notice that configuration
(i) (cluster-8) corresponds to the largest possible value of
spatial diversity and local spatial variance. On the other
hand, the case of stripe-2 clusters (iv), which is the most
similar to the null-model, yields the smallest values of
spatial diversity and spatial variance, as expected. The
relative positions of intermediate configurations (ii) and
(iii) in the ∆̺/∆σ plane can be explained by the fact
that a tiling with square clusters provides comparatively
lower values of spatial heterogeneity and spatial variance
than clusters of four nodes arranged in a line, mainly
because a square of size N has a smaller perimeter than
a rectangle of the same area, hence more neighbours.

Finally, we show that ∆σ and ∆̺ are also affected by
the actual shape of the domain, by considering the 2D
lattice with a lateral appendix in Fig. (3)C. Indeed, for
the same number of classes and the same cluster shapes
and sizes as in Fig. (3)B, the arrangements in Fig. (3)C
correspond to much larger values of spatial variance and
local spatial diversity, mainly due to the fact that the
walkers started at the nodes belonging to the lateral ap-
pendix will require a much larger amount of time to visit
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null for c = 0.7 provides detailed insights about the structure of segregation at neighbourhood level.

a certain fraction of the classes than the walkers started
at nodes in the bulk (see Supplementary Figure S1 for
additional details).

ETHNIC RESIDENTIAL SEGREGATION IN THE

US AND UK

In this section we show that spatial variance (∆σ) and
local spatial diversity (∆̺) can be effectively used to com-
pare the ethnic residential segregation of metropolitan ar-
eas in a quantitative way. We used geo–referenced census
data for metropolitan areas in the US and the UK, and for
each urban area we constructed the graph G of physical
adjacency between census tracts (US) and wards (UK)

(see Methods for details). Each node is associated to
the distribution of ethnicities in the corresponding area.
We computed the coverage time from each node as in
Eq. (2), and the corresponding values of spatial variance
∆σ and local spatial diversity ∆̺. In Fig. 4A we report
each urban area in the plane ∆σ/∆̺, and we compare
the results with those obtained using two other classical
measures of segregation extensively used in the litera-
ture, namely the spatial correlation Moran I [34] and the
spatial Gini coefficient [35] (see Methods for details, Sup-
plementary Table S2 and Supplementary Figures S2-S9
for additional information). Note that we inverted the
x-axis for the Moran I index, to make the comparison
with ∆̺ easier.

It is worth noting that some cities which are very close
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in the Moran/Gini plane are placed quite differently in
the ∆̺/∆σ plane, and vice versa. An interesting exam-
ple is that of New York and Atlanta, which are similar
according to Moran/Gini and quite far apart from each
other according to the proposed measures. Indeed, if we

look at the spatial distribution of C̃i(c) = Ci(c)/C
null

i (c)
in the two cities (as show in Fig. (4)C), the two maps are
quite different: in Atlanta the blue areas indicating re-
gions with the smaller values of Ci(c) (i.e., easier access
to all the ethnicities) are those placed around the city
centre, while in New York most of the areas exhibit quite
large values of CCT, indicating the presence of a some-
how higher ethnic segregation. This difference is indeed
captured well in the ∆̺/∆σ plane, according to which
New York has a smaller spatial variance and a larger local
diversity than Atlanta. Conversely Dallas and Philadel-

phia, which exhibit a visually-similar pattern of C̃i(c),
are quite far apart in the Moran/Gini plane but are put
very close to each other in the ∆̺/∆σ plane. The same
is true for Manchester and Sheffield, which are distin-
guished by a remarkable difference in Moran I, and are
instead indistinguishable in the ∆̺/∆σ plane.

At the top-left extreme of the ∆̺/∆σ plane, i.e., where
both spatial variance and diversity are high, Boston and

Los Angeles exhibit a comparable pattern of C̃i(c), which
consists of well-separated regions of very high and very
low normalised CCT. Notice that Boston is placed very
close to Liverpool in the Moran/Gini plane, but the two

cities indeed exhibit a clearly distinct pattern of C̃i(c).

Indeed, Liverpool has very few areas with low C̃i(c),
mostly close to the city centre, while most of the south-
ern part of Boston is characterised by a large number

of areas with small C̃i(c). The same is true for Dallas
and Houston, which are considered very similar in the
Moran/Gini plane but indeed exhibit a different pattern
in terms of spatial variance. In Fig. 4B we look closely
at the behaviour of µ(c), σ(c) and ̺(c) in London, which
is well-know for being characterised by strong residential
segregation. Indeed, the Moran index for London is rel-
atively high, and there are some areas of the city which
clearly exhibit substantially larger values of class cover-
age time. However, the local spatial diversity is relatively
low, indicating that adjacent regions tend to be organised
in clusters having very similar distribution of ethnicities.

In summary, higher levels of spatial variance of cover-
age time ∆σ ≫ 0 indicate an unbalanced spatial distri-
bution of ethnicities in the city, meaning that citizens ex-
perience large variations in the time needed to encounter
all the other ethnicities depending on where they live.
In contrast, low spatial variance indicates that on av-
erage the spatial distribution of ethnicities is relatively
uniform across the city and individuals living in differ-
ent areas are similarly exposed to the ethnicities living
in the city. Low levels of local spatial diversity ∆̺ indi-
cate that there is no significant difference on the coverage
time of neighbouring areas, that is, the constraints driven
by spatial shape are not too important. When ∆̺ ≫ 0,

the differences between neighbouring nodes is substan-
tial and segregation is influenced by clusters with similar
ethnicity distributions, which indicates the presence of a
preference mechanism, often resulting from social or eco-
nomic pressure. Interestingly, Los Angeles and Boston
are the two urban areas whose patterns of class cover-
age times are farther away from the corresponding null
model.
It is worth noting that all the urban areas analysed in

this study present some level of spatial variance or spa-
tial diversity, despite the sizes and population of the areas
considered span relatively large intervals. These results
are definitely related to the actual distribution of ethnic-
ities across the urban areas (see Supplementary Figures
S10-S11), and are consistent across different granularity
scales, as confirmed by a detrended fluctuation analysis
(DFA) of the trajectories of random walks on graphs ob-
tained at different spatial resolutions (see Supplementary
Table S1 and Supplementary Fig. S12).
Despite we have focused exclusively on the characteri-

sation of ethnic segregation, the methodology introduced
here can be used to quantify the spatial variance and spa-
tial diversity of the distribution of any categorical vari-
able, including socio-economic indicators like income, ac-
cess to services, education level, and so forth [38]. The
consistent behaviour of ∆σ and ∆̺ across different scales
is indeed a very desirable property of segregation mea-
sures, as also pointed out by both classical and more
recent works [36, 37]. The fact that these measures are
appropriately normalised by comparing with the corre-
sponding null-models, make them suitable for comparing
the spatial heterogeneity of the same variable in differ-
ent systems, irrespective of their peculiar size and shape,
of the actual number of different classes or categories
available in each system, and of the granularity at which
spatial information is aggregated.

METHODS

Data

In this study, we use the UK Office for National Statis-
tics 2011 Census quick statistics tables, which include
population estimates classified by ethnic group. The
available territorial divisions are regions, districts, uni-
tary authorities, MSOAs, LSOAs and OAs in England
and Wales. The households are divided in 250 ethnic
groups for the detailed tables. All data of the 2011
British Census are available from the Office for National
Statistics [39]. The delineations of the statistical areas
are available from the UK Data Service [40].
For US cities, we use the American Census Bu-

reau’s 2010 Decennial Census data, which include
race/ethnicity of individuals at the Census Block level.
The households are divided in 64 race/ethnic groups for
the detailed tables within the corresponding combined
statistical area. The delineations of the Census blocks
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are available from the same agency at the Geography
section [41]. For metropolitan areas containing islands
as part of the territory, we focused on the largest surface
to avoid the presence of disconnected components on the
corresponding graph.

Random walk trajectories and CCT profiles

The computation of CCT profiles are obtained by
simulating random walks on the adjacency graph of
wards/tracts, and keeping track of the fraction Wi(t) of
classes visited up to each step t. We considered R = 1000
starting from each of the nodes, where each walk contin-
ues until it has visited all the classes in the system. All
the trajectories starting from the same node are padded
to the length Ti of the longest of those trajectories. In
practice, if a realisation of the walk reaches all the classes
in τ < Ti, then we set Wi(t) = 1 for all τ < t ≤ Ti for
that trajectory. This simply means that if a walk would
continue after having visited all the classes at time τ , the
value of Wi(t) for t > τ will remain equal to 1. We com-
pute the CCT profile of node i by considering, for each
time t, the average over the R realisations of Wi(t).

Null model

Given a graph G and an assignment of classes to nodes,
the null model consists of randomly reassigning the class
distributions of nodes while preserving the structure of
the graph G and the local population distribution at each
node. It is worth noting that the spatial scale at which
the null model is defined is the same of the system under
study, so that problems generated by comparing cities at
distinct scales are reduced to a minimum.

Synthetic systems

The synthetic systems presented in the first example
correspond to grids of 256 and 64 cells with periodic
boundary conditions, where each node is associated to
a single class, chosen uniformly at random. The CCT for
each node is averaged over 1000 trajectories, and the re-
sults shown are averaged across 100 realisations of class
assignments for each setup. Similarly, for each of the
synthetic geometries show in Fig. (3)B-C, the null-model
case was obtained by considering 100 independent reali-
sations of the corresponding class assignment.

Spurious effects for c ≃ 1

Coverage time distributions for a city will in general de-
pend on the abundance of the classes and on how they are

distributed in space. In particular, if a class is very rare,
i.e., present only in a few tracts, then the time needed
to visit all the classes will effectively become comparable
with the cover time, which is known to scale exponen-
tially with the size of the graph [29]. We decided to min-
imise these spurious effects by removing from the analysis
of CCT the case c = 1.

Moran I and Spatial Gini Coefficient

The auto-correlation Moran I coefficient and the spa-
tial Gini coefficient are respectively comparable to the lo-
cal spatial diversity ̺(c) and to the spatial variance σ(c),
and they have the good property of being non-parametric
and of having been extensively used in the literature. We
computed these two quantities using as node variable the
Shannon entropy of the ethnicity distribution in the cor-
responding area, denoted here by xi. The Moran I is
given by:

I =
N

W

∑
i

∑
j wij(xi − 〈x〉)(xj − 〈x〉)
∑

i(xi − 〈x〉)2
(8)

and the spatial Gini coefficient is given by:

SG =

∑N

i=1

∑N

j=1
wij | xi − xj | +(1− wij) | xi − xj |

2n2〈x〉
(9)

where for both measures, N is the number of neighbour-
hoods and 〈x〉 = 1

N

∑
i xi is the mean of the variable

of interest. The spatial weight wij is defined according
to the adjacency matrix A where wij = 1 if two areas
are neighbours, and 0 otherwise. The diagonal elements
wii = 0 as defined in A and W corresponds to the sum
of all weights. Interestingly, the picture provided by the
classical Moran/Gini analysis in Fig. 4 does not improve
considerably when using other local indicators (see Sup-
plementary Figures S13-S14).
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Figures

Figure 1

Fictitious maps of Greater London with 7 ethnicities associated to each ward. In panel (A) the ethnicities
are distributed uniformly at random across the city, to simulate a maximally homogeneous and
unsegregated pattern. In this case, a random walker starting from any ward will get in touch with all the
available ethnicities within a relatively small number of steps. In panel (B) we imposed an arti�cial and
substantial clustering of ethnicities, In this case, a walker starting in the middle of a cluster will need a lot
more time to visits all the other ethnicities. This observation leads to the idea of using the statistics of
Class Coverage Time to quantify the level of segregation and heterogeneity of an urban area with respect
to a given variable of interest.



Figure 2

Effect of graph size and number of classes on class coverage times in synthetic system where Γ classes
are distributed uniformly at random across the nodes. (A) Mean class coverage time µ(c) as a function of
c on a torus with 64 (left) and 256 (right) cells. Cover times over 32 classes are signi�cantly larger than
over 2 classes. (B) Size distribution of uniform clusters formed by adjacent nodes of the same classes.
Larger graph allow for bigger clusters to emerge, for any number of classes Γ. The legend in (A) marks
the corresponding distributions in (B). The distributions of cluster sizes for Γ = 2 are reported in the insets.



Figure 3

Dependence of class coverage times on number of colours, size and shape of domain, and size and
shape of homogeneous clusters in synthetic 2-dimensional lattices (each colour indicates a different
class). (A) The nodes are divided in 4 classes of 63 cells placed at quadrants, while the four nodes in the
�fth class are arranged, from top to bottom, as a central cluster (cluster-center ), a cluster in a corner
(cluster-corner ), spread in one of the quadrants (spread-quadrant), and on each of the corners of the
lattice (spread-corners). (B) 32 classes are associated uniformly at random (from top to bottom) to
clusters of 8 or 4 cells and to stripes of 4 or 2 cells, on a 16 × 16 lattice. (C) Same patterns as in (B), but
on a lattice with a lateral appendix. We also report in each panel the corresponding pro�les of %(c) and
σ(c), and their values in the corresponding null model (black dashed lines). The distinct spatial
constraints are consistently discriminated by the proposed measured of spatial variance and spatial
diversity



Figure 4

Ethnic segregation in urban systems. (A) Spatial variance and spatial diversity of metropolitan areas in
the US and UK compared to their Spatial Gini coe�cient and Moran I. For both ranks smaller is better,
except Moran I where large values indicate higher correlation (x-axis inverted for better readability). (B)
Examples of the class coverage time distributions for London where the mean coverage time µ(c),
standard deviation σ(c) and the spatial correlation %(c) are plotted as a function of fractions c of classes.
(C) Maps of the metropolitan areas marked in bold in (A). The normalised class coverage time Ci(c)/Ci(c)
null for c = 0.7 provides detailed insights about the structure of segregation at neighbourhood level.
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