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Abstract
In this paper we move away from a static view of neighbourhood inequality and investigate the
dynamics of neighbourhood economic status, which ties together spatial income inequality at dif-
ferent moments in time. Using census data from three decades (1980–2010) in 294 metropolitan
statistical areas, we use a statistical decomposition method to unpack the aggregate spatiotem-
poral income dynamic into its contributing components: stability, growth and polarisation, provid-
ing a new look at the economic fortunes of diverse neighbourhoods. We examine the relative
strength of each component in driving the overall pattern, in addition to whether, how, and why
these forces wax and wane across space and over time. Our results show that over the long run,
growth is a dominant form of change across all metros, but there is a very clear decline in its pro-
minence over time. Further, we find a growing positive relationship between the components of
dispersion and growth, in a reversal of prior trends. Looking across metro areas, we find tem-
poral heterogeneity has been driven by different socioeconomic factors over time (such as sec-
toral growth in certain decades), and that these relationships vary enormously with geography
and time. Together these findings suggest a high level of temporal heterogeneity in neighbourhood
income dynamics, a phenomenon which remains largely unexplored in the current literature.
There is no universal law governing the changing economic status of neighbourhoods in the US
over the last 40 years, and our work demonstrates the importance of considering shifting
dynamics over multiple spatial and temporal scales.
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Introduction

In 2018, the United Nations reported that
55% of the world’s population lived in urban

areas. Moreover, this number is expected to

grow to 68% by 2050 (United Nations,

2018). This rapid urbanisation process has

been taking place in mega, medium and

small cities within developing as well as

developed countries in recent decades. With

more and more people residing in urban

areas, it is essential to study not only cities

or larger metropolitan regions, but also

neighbourhoods within those regions since

the spatial arrangement of neighbourhoods

and the sorting of people among them help

shape the coordination and interaction

within a region (Ellen and O’Regan, 2010).

Increasing urbanisation is occurring along-
side a return to historic levels of interpersonal
income inequality (Piketty and Saez, 2003).
Not all members of society have benefited
equally from the extensive economic growth
experienced over recent decades. Instead, the
wealthiest parts of the income distribution
have claimed the lion’s share of the growth.
While these patterns have been well documen-
ted, what is unclear is if this form of distribu-
tional polarisation is being played out within
expanding cities fuelling the urbanisation pro-
cess. More specifically, we do not know if the
growth of cities exacerbates the level of spatial
inequality within cities, or if the aggregate
growth of a city triggers new types of neigh-
bourhood dynamics. The measure of such
dynamics is similar to the income mobility
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measure in the individual income distribution
literature that ties together income inequality
at different moments in time. Reframing
income mobility to the case of neighbourhood
dynamics within a metropolitan context pro-
vides us with the opportunity to examine ques-
tions surrounding urbanisation and spatial
polarisation.

In this paper, we examine the patterns of
neighbourhood income dynamics across US
metropolitan areas over the period 1980–
2010. In doing so, we pose the following
questions. First, we focus on the direction of
neighbourhood income dynamics – have
there been secular increases, decreases, or
have these patterns been episodic? Second,
what have been the roles of different compo-
nents of neighbourhood income dynamics?
As we discuss more fully below, a global
indicator may mask different types of
dynamics. Therefore, unpacking the contri-
butions of these different types of dynamics
is an important undertaking. Third, are
these patterns spatially uniform, or is there
spatial heterogeneity in neighbourhood
dynamics across the US? If it is the latter,
what are the underlying mechanisms?

This paper contributes to the literature on
neighbourhood dynamics in the urban US in
four ways. Firstly, we consider a large num-
ber of US metropolitan areas, including not
only the largest cities, but also those in the
middle and lower tail of the city size distri-
bution; this sample yields over 54,000 census
tracts from 294 US metropolitan statistical
areas (MSAs) over the period 1980–2010.
Secondly, we place a particular emphasis on
the dynamics of mobility patterns within this
period, considering whether different com-
ponents of income mobility follow different
paths over time. Thirdly, we develop an
inferential framework for the income mobi-
lity decomposition that moves the literature
beyond its current descriptive orientation.
Finally, we examine the spatial distribution
of overall neighbourhood income dynamics

and its contributing components through
both global and local spatial autocorrelation
indices, and provide a preliminary study
towards identifying the determinants.

In the remainder of the paper, we first
review the literature on neighbourhood
dynamics. Next, we provide an overview of
the construction of our dataset and intro-
duce the framework of the income mobility
measurement that we employ. We then pres-
ent our results, focusing first on the average
trend in long-term neighbourhood income
dynamics, followed by an unpacking of the
global trends to examine spatial and tem-
poral heterogeneity, and a spatial regression
analysis exploring explanatory factors for
the observed patterns. We then provide a
discussion of these results. The paper con-
cludes with a summary of our key findings
and their implications for policy, and the
identification of future research directions.

Theories and empirics of
neighbourhood dynamics

The relationship between neighbourhood
conditions and social inequality has been a
focus of urban studies since the field’s gen-
esis. For several decades, the primary mode
of analysis has been attempting to distil the
ways that neighbourhoods facilitate the
inequality among individuals residing in dif-
ferent neighbourhoods, via pathways of con-
textual advantages and externalities. The
manifestation of these pressures is often
called neighbourhood effects (Chetty and
Hendren, 2018; Sampson, 2012), and work
in this area examines, for example, how
neighbourhood conditions like concentrated
poverty and poor access to resources stunt
individual income mobility. Thus far, the
focus on spatial relationships in this research
has been limited to questions of how geo-
graphical context may influence personal
income mobility and personal income
inequality – that is, spatial context is
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external, and the focus remains on the indi-
viduals who live in a given place (or set
thereof).

A related set of questions focus on
notions of intraurban spatial income inequal-
ity and mobility. Unlike the work just
described, this literature focuses not on indi-
viduals but rather aggregates of individuals
in space, examining the distribution of geo-
graphic zones as first-class units of analysis.
Work in this body examines, for example,
the income distribution among neighbour-
hoods in a city, and how this distribution
evolves over time. Research questions in this
vein share parallels with the economics liter-
ature on income convergence, which
hypothesises that economies of lower per
capita incomes tend to have higher growth
rates, and will catch up with economies of
higher per capita incomes in the long run
(Barro and Sala-i-Martin, 2003). The differ-
ence here is that the spatial aggregate in the
literature of income convergence is larger,
such as a country or region. In contrast, the
investigation of intraurban spatial income
inequality and mobility in this paper looks at
smaller spatial aggregates which do not usu-
ally qualify as functional economies.

To interrogate these processes, scholars
have begun to examine questions of spatial
income mobility. Modai-Snir and van Ham
(2018, 2019) were among the first to apply
the income mobility decomposition tech-
nique to differentiate the multiple processes
underlying neighbourhood socioeconomic
change in urban areas of Israel and the US.
While Modai-Snir and van Ham (2018)
focus on the Tel Aviv metropolitan area –
the largest in Israel, Modai-Snir and van
Ham (2019) extend the analysis to 22 of the
largest MSAs in the US. Specifically, they
focus on median household income and
evaluate contributions from three distinct
processes – exchange, growth and dispersion
mobility – across those large MSAs over a
single period 1980–2010. The latter two

processes combine into the so-called struc-
tural component and account for half or
more of the overall income mobility in half
of the MSAs examined.

Henceforth, we adopt a lens of neigh-
bourhood stability and change. In this sense,
neighbourhood income dynamics is con-
cerned with the degree to which different
neighbourhoods ascend or decline, whether
these dynamics differ by region, and how
processes like globalisation and urbanisation
affect them.1 As Modai-Snir and van Ham
(2018: 109) describe, ‘Increasing inequality
affects urban areas by changing their income
distributions. This follows from the change
in incomes of those living in the urban area
but also from the change in characteristics of
those leaving and entering the urban area.’

Framed this way, it is clear that a wide
variety of factors could influence neighbour-
hood income dynamics. If existing residents
experience wage growth (either from occu-
pational change or sectoral growth), then
growth is the result of an economic process.
If the income distribution shifts due to
aggregate population gain or loss, then a
demographic shock is at play. Another possi-
bility is that cultural processes like segrega-
tion and stigma are decreasing over time,
leading to intra-regional migration that
reshapes the composition of neighbourhoods
(without necessarily changing the income of
any resident). Finally, shifts in urban devel-
opment and infrastructure provision would
indicate a policy process that could affect
the allocation of people into neighbour-
hoods. Together, these processes suggest a
variety of ways in which the economic char-
acteristics of neighbourhoods inside a given
metro region can evolve over time, some of
which include residential mobility, and oth-
ers which do not. In the sections below, we
identify how modern social theories of
neighbourhood dynamics map onto the
components of growth, exchange and
dispersion.
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Changes and persistence in the economic
status of neighbourhoods

One important mechanism behind neigh-
bourhood dynamics is selective mobility in
and out of neighbourhoods, which is essen-
tial for a better understanding of neighbour-
hood effects (Van Ham et al., 2013).
Theories of neighbourhood selection and
selective mobility are often tied to locational
attainment, and differential ability of demo-
graphic groups (e.g. racial groups or income
classes) to translate personal income or edu-
cation growth into higher status neighbour-
hoods (Logan et al., 1996a, 1996b; South
and Crowder, 1997). Foundational work in
locational attainment has shown that racial
and ethnic segregation persists in American
cities, in part due to the ways that income
growth translates to neighbourhood inequal-
ity. Locational attainments map most
directly onto a neighbourhood dynamic of
exchange mobility, in which different neigh-
bourhoods trade ranks in the income distri-
bution. Exchange processes describe uneven
development or flows of households across
neighbourhoods driven by processes such as
gentrification, displacement and segregation.
Theories of locational attainment suggest
that as residents of disadvantaged neigh-
bourhoods climb the income ladder, they
can translate income mobility into spatial
capital by relocating to higher income neigh-
bourhoods. Recent work, however, confirms
longstanding patterns that racial and ethnic
minorities do so less often than their white
counterparts (Bruch and Mare, 2006;
Malone, 2020; Quillian, 2012; Sampson and
Sharkey, 2008).

From the perspective of intraregional
spatial income mobility dynamics, these pat-
terns suggest that regions characterised by
high levels of racial and ethnic segregation
that also experience minority income growth
may reveal patterns of exchange mobility

where neighbourhoods change rank in the
income distribution. If minority residents
are less spatially mobile when they climb the
(individual) income ladder, then income
mobility among minority groups may lead
to exchange mobility among neighbour-
hoods. In such a situation, minority incomes
rise in place, rather than incomes rising in
concert with spatial mobility of individuals.
However, if high levels of segregation are
coupled with low minority income growth
and limited movement out of poor minority
neighbourhoods, we would expect low levels
of neighbourhood exchange mobility. While
existing work has shown that there is
remarkable stability in the income ranks of
neighbourhoods within a majority of US
MSAs (Malone and Redfearn, 2018;
Wheeler and La Jeunesse, 2008), we know
little about the reasons why such stability
persists, suggesting segregation and racial
dynamics as a useful avenue for exploration.

Growing inequality through the power of
place

In addition to exchange mobility, an impor-
tant element to consider in spatial income
dynamics is dispersion mobility, in which the
regional distribution of incomes among spa-
tial units changes shape (i.e. by widening).
Such a process implies growing inequality
between rich and poor neighbourhoods and
could be associated with the sociological
concept of spatial stigma (Logan, 1978;
Malone, 2020; Sharkey, 2013; Wyly, 1999),
which implies a recurrent feedback loop in
which disadvantaged neighbourhoods
become more so through compounded
resource deprivation, or with the economic
concept of spatially uneven decay of durable
goods such as housing and transportation
systems (Rosenthal and Ross, 2015). Urban
policy measures can also play a prominent
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role in dispersion income dynamics.
Responding to issues such as growing con-
centrated poverty, federal policy initiatives
have used research on neighbourhood effects
to advocate mixed-income housing
(Sampson et al., 2015) with the explicit pur-
pose of affecting dispersion mobility. By
helping to integrate mixed-income neigh-
bourhoods, policies such as HOPE VI
(Sampson et al., 2015), the Chicago
Gautreaux programme (Rosenbaum, 1995)
and Baltimore’s regional housing policy ini-
tiative (Darrah and DeLuca, 2014; DeLuca
and Rosenblatt, 2017) explicitly seek to nar-
row the neighbourhood income distribution.

Neighbourhood dynamics: Structural
process

Neighbourhood dynamics are a complex
blend of short- and long-term forces
(Sampson et al., 2017). The latter include the
secular trend towards higher levels of income
inequality as well as large-scale immigration.
Short-term shocks, such as the recent Great
Recession and global COVID-19 pandemic,
can also impact neighbourhood dynamics. In
addition, generational shifts in residential
preferences (e.g. the revaluation of urban
amenities proposed by Ehrenhalt, 2012) can
alter the attractiveness of a region, leading to
a ‘rising of all boats’. This can be due to
either an influx of new residents with greater
purchasing power or the in situ rise of the
incomes of existing residents as they move
into higher earning age cohorts.

Thus, while there are a variety of theoreti-
cal traditions through which to couch neigh-
bourhood income dynamics, in the
following, we conduct a decomposition of
economic mobility following a similar quan-
titative framework to that of Modai-Snir
and van Ham (2018). We expand upon their
empirical work by applying our framework
to an extended sample of MSAs in the US in
three cross-sectional periods. This strategy

allows us to examine how spatial and tem-
poral heterogeneity in the underlying pro-
cesses of income mobility may lead to
different outcomes across the regions of the
US. For example, we can ask if economic
restructuring tends to be a more prominent
driving factor in the industrial Midwest. In
contrast, cultural processes and slowly-
eroding historical racism may be more pro-
minent in the antebellum South. This design
allows us to parse distinct periods, each
shaped by potentially different political, eco-
nomic and cultural atmospheres, and
describe how each distinct context led to
various forms of spatial economic mobility.

Measuring neighbourhood income
mobility

Study area and data

We adopt neighbourhoods as our units of
analysis to reveal the neighbourhood income
dynamics patterns of urban areas in the
United States. Census tracts, which are
defined by the US Census to contain an
average of 4000 residents, are often used as
proxies for neighbourhoods. Urban
researchers have adopted the same strategy
in various studies of neighbourhood effects
(Leventhal and Brooks-Gunn, 2003), neigh-
bourhood change (Delmelle, 2017; Zwiers
et al., 2017) and residential segregation
(Bischoff and Reardon, 2014; Reardon and
Bischoff, 2011). Although census tracts are
designed to be relatively permanent statisti-
cal subdivisions over time, they can undergo
changes such as merges, splits and correc-
tions due to population change. As such,
boundaries are often re-drawn during each
decennial census, creating difficulties for
longitudinal analyses because enumeration
units are inconsistent. In this study, we
account for this issue by leveraging the
Longitudinal Tract Data Base (LTDB),
which provides a set of consistent tract
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boundaries with earlier decades ‘cross-
walked’ to 2010 representations (Logan
et al., 2014). We focus on average per capita
incomes within tracts in census years 1980,
1990, 2000 and 2010. After removing records
with missing values, and further abandoning
MSAs which have less than 25 tracts of
meaningful average per capita income val-
ues, our sample results in 54,275 census
tracts distributed within 294 MSAs.2 We
adjust all income values for inflation and
express them in 2015 dollars using the
Consumer Price Index from the Bureau of
Labour Statistics.3

Income mobility measures and processes

We investigate the dynamics of neighbour-
hood incomes in the urban US by adapting
mobility measures that have been applied to
personal income distribution dynamics.
Mobility analysis is concerned with measur-
ing the changes in economic status or well-
being over time (Fields and Ok, 1999). There
are several approaches for assessing the
extent of changes, with many different mobi-
lity indices developed to study a variety of
conceptually-specific dynamics (Fields,
2006).

Apart from measurements that constitute
mobility, another important topic in the
literature focuses on the underlying processes
that drive income changes. Prior work in the

field differentiates two general processes in
income dynamics: exchange and structural
processes (Ruiz-Castillo, 2004). While the
former captures reranking processes in the
income distribution, the latter captures
changes in the shape of the distribution. We
use the income changes of three neighbour-
hoods to illustrate these two processes. As
shown in Table 1, the initial income values
of the three neighbourhoods constitute vec-
tor y0 while the income values in the next
time period constitute vector y1. The income
changes are denoted as y0! y1. Cases I, III,
IV, VII do not give rise to changes in rank,
in the sense that three neighbourhoods keep
their initial ranks, and thus, we observe no
exchange mobility in the income distribu-
tion. On the other hand, cases II, V, VI and
VIII lead to rank exchanges between the first
and third neighbourhoods.

Analyses of structural mobility consider
two properties of the income distribution:
mean and dispersion. The former describes
growth or decline in the city economy as a
whole, while the latter relates to the changes
in the shares each neighbourhood receives
and is central to inequality dynamics. In
Table 1 (y0! y1), case III represents an
increase in the size of the economy (mean/
total income doubles), and is a pure growth
process, while case IV is a pure dispersion
process, as the only change is in the income
shares of neighbourhoods 1 and 2. Cases V,

Table 1. Example cases of income mobility (y0! y1 for three neighbourhoods n= 3).

y0 y1 Process

I (1, 2, 3) (1, 2, 3) None
II (1, 2, 3) (3, 2, 1) Exchange
III (1, 2, 3) (2, 4, 6) Growth
IV (1, 2, 3) (1.5, 2, 2.5) Dispersion
V (1, 2, 3) (2.5, 2, 1.5) Exchange+ dispersion
VI (1, 2, 3) (6, 2, 4) Exchange+ growth
VII (1, 2, 3) (3, 4, 5) (Structural) growth+ dispersion
VIII (1, 2, 3) (5, 4, 3) Exchange+ growth+ dispersion
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VI, VII and VIII are a mixture of two or
three mobility processes (growth, exchange
and dispersion).

Fields (2006) identified six mobility con-
cepts, which are time dependence, positional
movement, share movement, income flux,
directional income movement, and mobility
as an equaliser of long-term incomes. Each
captures one or more underlying processes
(exchange/growth/dispersion). Despite lively
inquiry into each of the six dimensions, differ-
ent income indices are not comparable and
the question of finding the dominant process
or force driving overall income mobility
remains unresolved. To address this gap, we
leverage a decomposition technique to sepa-
rate an income mobility measure into its
underlying exchange and structural (and fur-
ther, growth and dispersion) processes as
components of the combined measure (Fortin
et al., 2011). Using this framework, the com-
ponents are comparable and we can evaluate
which process dominates changes in the
income distribution over a given time period.

Measure of income flux. We select an income
flux measure to decompose and analyse if it
is sensitive to all three processes. Income flux
is concerned with the degree to which neigh-
bourhood incomes remain stable over time.
Since it does not differentiate gain from loss,
it is also referred to as ‘non-directional
income movement’. The measure of income
flux we consider in this article is based on
the absolute difference in log incomes (Fields
and Ok, 1999). This measure has several use-
ful properties – an important one is sub-
group decomposition. Suppose we have n

observations for an initial time period 0

and a subsequent period 1, and y0 and y1 are
n-vectors of incomes. The income flux mea-
sure M for this two-period framework is
defined in equation (1):

M(y0, y1)=
1

n

Xn

i= 1

j log (y1i)� log (y0i)j: ð1Þ

The difference in logs takes the initial
incomes into account, as a dollar change
would be relatively smaller for a higher ini-
tial income compared with a lower initial
income.

A hierarchical decomposition. Our approach is
to decompose the income flux measure M

into two components, exchange and struc-
tural. The structural component is further
divided into growth and dispersion
components:

M =ME +MS

=ME +MG +MD,
ð2Þ

where ME, MS, MG and MD are mobility
components contributed by the ‘Exchange’,
‘Structural’, ‘Growth’ and ‘Dispersion’ pro-
cesses respectively. One intuitive approach
to decomposition is to assess the marginal
impact of each process, that is, to remove
the particular component and assess the
income mobility difference between pre- and
post-removal (Van Kerm, 2004). The idea is
to construct a counterfactual income vector
with a mobility component removed, and
this vector would replace the second income
vector y1. We will use process VIII
((1, 2, 3)! (5, 4, 3)) in Table 1 to explain the
construction of counterfactual vectors.

Exchange process. The counterfactual income
vector yE with the exchange component
removed is constructed by sorting y1 based
on the order of y0 without changing any-
thing else. For the case of process VIII,
yE =(3, 4, 5) (equivalent to y1 in VII). Thus,
the marginal effect for the Exchange process
is

ME =M(y0, y1)�M(y0, yE): ð3Þ

Structural process. The counterfactual income
vector yS is constructed by removing the
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structural process from the original process
y0! y1. That is, we need to remove changes
to the shape of the income distribution,
including the mean and the dispersion. Thus,
yS is constructed by sorting y0 based on the
order of y1. For the case of process VIII,
yS =(3, 2, 1) (equivalent to y1 in II). The
marginal effect for the Structural process is

MS =M(y0, y1)�M(y0, yS): ð4Þ

Shapley procedure. Both equations (3) and (4)
are first-round marginal effects and they do
not necessarily add up to the income flux
measure M(y0, y1) and, thus, do not fulfil
our purpose. To ensure the decomposition is
exact and additive, we adopt a sequential
marginalist procedure. We can either start
with equation (3) to obtain the Exchange
component, and then obtain the Structural
component by further removing the
Structural component from the remaining
effect (M(y0, yE)�M(y0, y0)=M(y0, yE) as
the counterfactual vector with the structural
process removed for yE is y0). This is identi-
cal to deducting ME from the total income
flux value. Alternatively, we could start with
equation (4) to obtain the Structural compo-
nent, and then obtain the Exchange compo-
nent by deducting MS from the total income
flux value. To ensure the decomposition is
symmetric, in the sense that the contribution
from each factor is independent of the order
in which the factor is evaluated, we adopt
the Shapley decomposition procedure, which
averages all potential sequences and has pro-
ven to be an effective and general solution
to assess the relative importance of contribu-
tory factors (Shorrocks, 2013):

ME =
1

2
ffM(y0, y1)�M(y0, yE)g+M(y0, yS)g,

MS =
1

2
fM(y0, yE)+ fM(y0, y1)�M(y0, yS)gg:

ð5Þ

Growth and dispersion processes. To further
decompose the Structural component MS

into Growth and Dispersion components,
we construct correspondent counterfactual

income vectors for the process y0! yE

(i.e. case VII –(1, 2, 3)! (3, 4, 5) since the
exchange factor has been removed from the
original process). Starting with the marginal
impact of the Growth process, the counter-
factual income vector with the growth factor

removed is constructed by rescaling yE such
that its mean is identical to the mean of

y0: yE,G =
my0

m
yE

yE, where my0 and myE are

means of y0 and yE. Thus, the first-round
marginal impact of the Growth process is

MG =M(y0, yE)�M(y0, yE,G), ð6Þ

and the second-round marginal impact of
the Dispersion process is equal to
M(y0, yE,G).

To obtain the first-round marginal
impact of the Dispersion process, we con-
struct the counterfactual income vector yE,D

with the growth component removed from
the Structural process yE by forcing the
income shares in yE to be identical to those
in the initial vector y0. Thus, the first-round
marginal impact of the Dispersion process is

MD =M(y0, yE)�M(y0, yE,D), ð7Þ

and the second-round marginal impact of
the Growth process is equal to M(y0, yE,D).

We apply the hierarchical Shapley proce-
dure, which evaluates the primary factors E

and S first, followed by the secondary factors
G and D, resulting in averaging the marginal
effects from four different sequences.

Jackknife resampling inference. We adopt the
Jackknife resampling technique for estimat-
ing the standard errors of the income flux
measure as well as the three contributory
factors. We consider each pair of incomes in
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(y0i, y1i), i 2 f1, . . . , ng as an observation
and the Jackknife resampling works by omit-
ting an observation from the original dataset
and calculating the estimates for M , ME, MG

and MD. After n� 1 resampling and calcula-
tions, we can obtain the Jackknife estimate
of the standard error for each estimator
(Efron and Tibshirani, 1993; Van Kerm,
2004).

Results: Neighbourhood income mobility

Among the 54, 275 neighbourhoods in 294
MSAs under study, we find that, both the
mean and the standard deviation (as well as
the interquartile range) of cross-sectional per
capita incomes have been increasing consis-
tently from 1980 to 2010 (Table 2). This
indicates shifts of tract-level income distribu-
tions to the right (i.e. tracts getting richer
over time) accompanied by a widening ten-
dency (larger tract-level inequality) over
time. While this consistent rise also applies
to the 50th and 75th percentiles, the 25th
percentile experienced a decline from 2000

to 2010, indicating uneven development
between rich and poor neighbourhoods.
More specifically, poor tracts in 2000 were
actually hosting higher-earning urban resi-
dents compared with poor tracts in 2010.
Since we cannot know whether the tracts at
the 25th percentile are the same ones across
2000 and 2010, we turn to the income mobi-
lity measures to trace the dynamics in more
details.

The estimate of the overall income mobi-
lity (income flux) in the long term (1980–
2010) for 54, 275 urban tracts under study is
0:401 and the estimates of three contributory
factors, exchange, growth and dispersion
components, are 0:126, 0:272 and 0:003 as
listed in Table 3. Since the decomposition is
additive, we can evaluate the proportions of
relative contribution due to each compo-
nent. The proportions are displayed as a per-
centage within square brackets in Table 3;
standard errors are displayed within brack-
ets. The dominant form of urban income
mobility is Growth, with a proportion of
67:9%, indicating a substantial increase in

Table 3. Neighbourhood income mobility decomposition in the long term (1980–2010).

Value Proportion

Exchange factor 0.126 (0.001) [31.4%] (0.2%)
Growth factor 0.272 (0.001) [67.9%] (0.29%)
Dispersion factor 0.003 (0.001) [0.7%] (0.16%)

Note: Numbers in parentheses are standard errors for estimates. Numbers in square brackets are estimates of

proportions.

Table 2. Descriptive statistics of real per capita incomes of urban census tracts in the US.

1980 1990 2000 2010

Mean 19,656 25,142 28,992 29,389
25% 15,306 17,713 19,924 19,166
50% 18,707 22,951 26,193 26,277
75% 22,549 29,437 34,136 35,506
Standard deviation 7,381 12,489 14,819 15,768
Interquartile range 7,243 11,724 14,212 16,340
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aggregate per capita incomes in the metro-
politan US from 1980 to 2010. The second
driving force is Exchange mobility, with a
proportion of 31:4%, pointing to a mild
extent of leapfrogging or catching up of
tracts in terms of per capita incomes. In con-
trast, the small contributing proportion
(0:7%) of the dispersion factor indicates that
the income shares of tracts did not experi-
ence substantial changes.

These results are averages taken over all
neighbourhoods from the 54,275 tracts. We
now turn to a more granular examination of
the spatial and temporal patterns of neigh-
bourhood income mobility.

Global and local spatial analytics

After estimating the income flux measure
and its three contributory components for
each MSA, we proceed with exploratory spa-
tial analytics to examine their spatial distri-
butions. Here, we are interested in whether
MSAs which have experienced more drastic
changes in neighbourhood economic status
are spatially proximate to those having a
similar experience. This provides a sense of
regional and local economic development
modes, and could have important implica-
tions for the regional/local policy. We adopt
the widely used Moran’s I, a global indicator
of spatial association, to evaluate global spa-
tial autocorrelation of the MSA income
influx estimates as well as the proportions of
the Exchange, Growth and Dispersion mobi-
lity components. For N MSAs (N = 291

after excluding 3 MSAs outside the continen-
tal US) with attribute x, Moran’s I statistic is
defined as:

I =

PN
i= 1

PN
j= 1 ziwi, jzj

PN
i= 1 zizi

, ð8Þ

where zi = xi � �x is the deviation from the
mean, and wi, j is the ijth entry of the row-
normalised spatial weight matrix which

represents a prior notion of the neighbour-
ing structure of MSAs (a k-nearest neigh-
bour weight is adopted). Inference is made
based on random spatial permutations
where values of x are randomly assigned to
N locations to simulate the null – spatial
randomness.

Next, we decompose the global Moran’s I
statistic into its local variety – Local
Moran’s I (Anselin, 1995) – to further inves-
tigate whether hot or cold spots exist, with
geographic clusters of MSAs with high or
low neighbourhood income mobility. The
local Moran’s I statistic for the variable x at
location i is defined as:

Ii =
(N � 1)zi

PN
j= 1 wi, jzj

PN
j= 1 z2

j

: ð9Þ

Inference is based on the pseudo-p value
obtained from the conditional randomisa-
tion where for a focal MSA i, its value xi is
hold fixed, while all the others are randomly
permuted across remaining MSAs in order
to simulate the null hypothesis of local spa-
tial randomness.4

The estimates of overall urban income
mobility (income influx measure) for 291
MSAs display considerable variation, rang-
ing from 0:2 to 0:68, and they are not distrib-
uted randomly in space.5 MSAs with similar
mobility levels tend to cluster together in
space: high values are concentrated in the
Northeast and West coast, while low values
are clustered in the Great Lakes area. We
formally examine the global spatial pattern
of the MSA income flux by adopting the glo-
bal Moran’s I statistic. The statistic is always
positive and the null hypothesis of spatial
randomness is always rejected at the 5% sig-
nificance level based on spatial permutations
regardless of the number of nearest neigh-
bours (k 2 ½3, 20�) used for constructing the
k-nearest neighbour spatial weight matrix.6

The property of positive spatial autocor-
relation also applies to the proportions
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contributed from the Exchange, Growth and
Dispersion factors. The Growth factor has
the widest range – [0.08, 0.91], indicating
that the neighbourhood income mobility of
some MSAs is dominated (as large as 91%)
by the absolute change in the average income
level. The Exchange and Dispersion factors
have smaller ranges – [0.06, 0.57] and [0.3,
0.58], respectively. Interestingly, the Growth
factor is negatively correlated with the
Exchange and Dispersion factors, while the
overall mobility level seems to be positively
correlated with the Growth factor. We adopt
the Pearson’s correlation coefficient to for-
mally examine the potential linear relation-
ship between each pair and results are shown

in Figure 1(a). The positive correlation
(0:68) between the overall mobility level and
the Growth mobility indicates that more
mobile MSAs are typically dominated by
change in the absolute average income level,
and these MSAs tend to host tracts with
fewer rank exchanges or changes in the
income shares, indicated by the negative cor-
relation coefficients �0:6 and �0:51. The
opposite is true for MSAs hosting economi-
cally ‘stable’ tracts.

Based on the local Moran’s I statistic
while using spatial weights based on the
eight nearest neighbours,7 we identify hot
and cold spots of MSAs in terms of the over-
all mobility level as well as the contributing

Figure 1. Correlation coefficients between mobility and its contributing factors. (a) 1980–2010. (b) 1980–
1990. (c) 1990–2000. (d) 2000–2010.
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proportions of the Exchange, Growth and
Dispersion factors. Having controlled the
false discovery rate (FDR) to deal with the
multiple testing issue, we identify hot and
cold spots for each term at the 5% signifi-
cance level as shown in Figure 2. Some inter-
esting patterns emerge from these four maps.
Several MSAs in the Northeast are identified
as hot spots in maps 2a and 2c and cold
spots in map 2b, while some MSAs in the
Great Lakes region are almost the opposite –
cold spots in maps 2a and 2c and hot spots
in map 2d.

Temporal heterogeneity

There are substantial differences in the
decennial income movement patterns (across
every two consecutive census years) as dis-
played by the black line in the left plot of
Figure 3. In fact, the overall income mobility
has been decreasing over time, indicating
that urban neighbourhood income distribu-
tions have become more resistant to change.

This decreasing trend also holds for the
decennial growth rate (red curve).
Contributions from the Exchange, Growth
and Dispersion mobility processes have also
been shifting over time. During the 1980–
1990 period, the dominant process was
Growth, as indicated by the yellow area in
the right plot. Its dominant position was
eventually replaced by the Exchange process
(green area) during the 2000–2010 period.
Over the three decades, the contribution
from the Dispersion process (blue area) gra-
dually increased, indicating that the income
shares owned by urban neighbourhoods
were transformed more drastically in recent
decades.

The pronounced temporal heterogeneity
in the contributing proportions of three
mobility components also manifests at the
MSA level. Since the three proportions
½PropE,PropG,PropD� are constrained to
always add up to 1, they comprise a vector
of compositional data (Aitchison and
Egozcue, 2005). We plot the ternary

Figure 2. Local hot and cold spots of US MSA income mobility and the proportions of exchange, growth
and dispersion mobility components across 1980–2010. (a) Income flux mobility levels. (b) Exchange
mobility proportions. (c) Growth mobility proportions. (d) Dispersion mobility proportions.
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diagrams, which are a powerful visualisation
tool for exploring compositional data in
Figure 4, to investigate the distribution of
the MSA-level mobility compositions in the
long term and over decennial intervals. For
each diagram, the horizontal, right and left
axes represent Exchange, Growth and
Dispersion mobility proportions respec-
tively. If an MSA is located very close to the
top corner, its intra-MSA neighbourhood
mobility is dominated by the Growth

component (about 100%), the same holds
for the right corner for the Exchange com-
ponent and left corner for the Dispersion
component. The fact that most points clus-
ter near the top corner in Figure 4(a) indi-
cates that the dominant force of
neighbourhood income mobility within most
MSAs is Growth over the long term.
Comparatively, as shown in Figure 4(b), the
centre of mass has been shifting over time
from the top corner to the right corner,

Figure 3. Average multidimensional neighbourhood dynamics across all MSAs under study. (a) Average
multidimensional neighbourhood income dynamics across all MSAs. (b) Averages of contributions of
exchange, growth and dispersion processes across all MSAs.
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indicating a trend in which Exchange mobi-
lity comes to dominate Growth. We also
note that points rarely cluster near the left
corner, indicating negligible shifting among
income shares – by either increasing or
decreasing the dispersion of neighbourhood
per capita incomes within individual MSAs.

Spatial distribution of decennial MSA income mobi-
lity and the decomposition. Similar to the case
with the long-term analysis, we also decom-
pose national-scale urban income mobility
into the MSA-scale, followed by a further
decomposition into three contributing mobi-
lity processes.8 The spatial patterns are most
distinct for the first decade 1980–1990 in
terms of the number of hot and cold spots
detected. Similar to the long-term spatial pat-
tern, the Northeast coast stood out as a hot
spot for the overall mobility level and
Growth mobility, and a cold spot for
Exchange and Dispersion mobility. By con-
trast, the Great Lakes region failed to stand
out; instead Texas, New Mexico and

Louisiana hosted cold spots of Growth and
hot spots of Exchange and Dispersion. In
the next decade (1990–2000), we observe cold
spots for overall mobility and Growth mobi-
lity, as well as hot spots for Exchange mobi-
lity in the West coast. For the most recent
decade 2000–2010, the Great Lakes region
stood out as the host of MSAs with high
contributions from Growth mobility and low
contributions from Exchange mobility.

The relationships between the overall
mobility level for each MSA, and the pro-
portions contributed from Exchange,
Growth and Dispersion mobility processes
across each decade have also undergone
drastic changes as shown in Figure 1.
Though the relationship between the income
flux level and the Growth contribution has
been always positive, it has weakened over
time. Another noticeable change comes from
the relationship between the Dispersion and
the other two components. Over the three
decades we study, the initial negative rela-
tionship between Dispersion and Growth

Figure 4. Ternary diagrams for proportions of exchange, growth and dispersion mobility components (a)
in the long term 1980–2010, and (b) in the short terms 1980–1990, 1990–2000 and 2000–2010. (a) Long-
term ternary diagram. (b) Decennial ternary diagram.
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has been gradually replaced by a weak posi-
tive relationship, while on the contrary, the
initial positive relation between Dispersion
and Exchange has been replaced by a nega-
tive relationship.

Generalising neighbourhood
income mobility

Given the widespread temporal and spatial
heterogeneity in the neighbourhood mobility
results that we have identified, we carry out
a spatial econometric analysis as a first step
to identify the possible factors that may be
driving neighbourhood income dynamics in
urban US regions. Compared with spatial
income inequality (Rodrı́guez-Pose and
Ezcurra, 2010; Wei, 2015), scholarship on
income mobility at the spatial aggregate
level is considerably limited. We address this
gap by formally modelling the relationship
between the metro-level income mobility
(and its contributory components) and the
metro-level variables at the beginning year
of each decade listed in Table 4. These nine
variables cover urban development, spatial
income disparity, industrial composition,

education attainment and residential racial
composition and segregation. We have also
tested against the decadal changes in these
variables, leading to another set of models
with 18 predictor variables.9

Our point of departure is the classic linear
model in equation (10) specified for each
mobility measure (M , ME, MG and MD) over
each decadal period (1980–1990, 1990–2000
and 2000–2010). We also run spatial diag-
nostics and formally model the spatial
dependence effect with the spatial lag specifi-
cation as shown in equation (11) where W is
the k-nearest neighbour weight matrix, con-
sistent with the exploratory spatial analytics,
r is the spatial autoregressive parameter
indicating the direction and strength of spa-
tial spillover effects, and E;N (0,s2I) is the
error term.

y=X b+ E ð10Þ

y= rWy+X b+ E ð11Þ

y is the vector of MSA mobility measures,
and X the matrix of explanatory variables
for a given decade. The spatial diagnostic
tests led us to a spatial lag specification as
shown in equation (11). Therefore, we only

Table 4. Predictor variables in the regression models.

Variable Description Change

popstd z-score of population. Proxy for urban development Yes
densitystd z-score of population density. Proxy for urbanisation Yes
gini Gini index measuring spatial inequality between

neighbourhoods within each MSA
Yes

pmanuf Percentage of manufacturing employees. Proxy for
industrial structure

Yes

pcol Percentage of persons with at least a
four-year college degree

Yes

pnhblk Percentage of Non-Hispanic Black population Yes
phisp Percentage of Hispanic population Yes
pasian Percentage of Non-Hispanic Asian population Yes
multiInfor Multigroup Information Theory index for

residential segregation (Reardon and Firebaugh, 2002)
Yes

16 Urban Studies 00(0)



present the results for this spatially explicit
specification, the estimation of which relies
on using the Maximum Likelihood
technique.

The estimation results for these specifica-
tions for the three decades are reported in
Tables 5 to 7. The results mirror the tem-
poral heterogeneity seen in our exploratory
results in that factors that are associated
with neighbourhood income mobility vary
over the decades. For example, the percent-
age of manufacturing employment has only
been significant for the period 1980–1990 as
shown in Table 5. After incorporating its
decadal increase in the model (model II),
manufacturing employment was positively
related to the spatial income influx level and
Growth mobility. Racial composition
including the percentages of Hispanic and
Asian, the racial segregation level, and
higher education attainment were only sig-
nificant in the latest time period 2000–2010
(Table 7). While the initial percentage of
Hispanic population was negatively related
to the spatial income influx level and
Growth mobility, the story was the opposite
for the initial percentage of Asian popula-
tion. Residential segregation was (weakly)
negatively related to the spatial income
influx level and Dispersion mobility, poten-
tial evidence for a stagnating effect of segre-
gation on neighbourhood income mobility.

Urban development level proxied by pop-
ulation and population density was signifi-
cant for 1980–1990 and 2000–2010. It was
positively correlated with the overall neigh-
bourhood income dynamics and Growth
mobility, and negatively correlated with
Exchange and Dispersion mobility for 1980–
1990. While for 2000–2010, the increment in
population density was negatively correlated
with the overall neighbourhood income
dynamics, the initial population was posi-
tively correlated with Exchange mobility.

Comparatively, the level of spatial income
inequality was the only factor significant

across all three decades. Initially across
1980–1990, it was positively correlated with
Exchange mobility and negatively correlated
with Growth mobility, while its decadal
increment was positively correlated with
Dispersion mobility. The pattern was similar
in the subsequent periods 1990–2000
(Table 6) and 2000–2010 (Table 7). One pro-
minent observation is that in the last decade
(i.e. 2000–2010), the level of spatial income
inequality and its decadal increase was also
positively correlated with the overall neigh-
bourhood income dynamics.

There is strong evidence of spatial depen-
dence across all three decades. The spatial lag
is significant for all types of MSA-level
neighbourhood mobility measures, with the
only exception being the dispersion compo-
nent in the final decade. This form of depen-
dence reflects the regional patterning we
found earlier in the hot (cold)-spot analysis.
The temporal constancy of the spatial depen-
dence stands in stark contrast to the temporal
heterogeneity reflected in the other correlates
of neighbourhood income mobility.

Discussion

Our results provide intriguing insight into
the dynamics of spatial inequality in
American cities over the last three decades
that have not been explored in the literature,
particularly when examining different spatial
and temporal scales. Our results highlight
the considerable ways that the American
urban economy has differed over space and
changed through time, and elucidate the
ways in which different regions of the coun-
try have borne witness to unique changes as
they move through certain time periods.

We can view these results in a broader his-
torical context. Through the early part of the
20th century, America’s economy rose to
prominence thanks to a dominant manufac-
turing sector that flourished throughout the
Midwest, particularly in prominent cities like
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Chicago, Detroit, Cleveland, Pittsburgh and
Milwaukee. The primary demographic trend
during this period was ‘white flight’, or the
suburbanisation of white, well-educated and
affluent families (Baum-Snow and Hartley,
2020). Through the new millennium, how-
ever, as the country shifted away from manu-
facturing and embraced a high-tech digital
and information economy, Midwestern dom-
inance waned and eventually the Midwest
developed the ‘rustbelt’ moniker for its legacy
and aesthetic of factories, foundries and
warehouses beginning to fall into disrepair.

In our current era, this demographic trend
has thus largely reversed, thanks to the ‘back
to the city’ movement and the dominance of
new high-tech job hubs like San Francisco
and Seattle that have overtaken Midwestern
cities in cultural and economic dominance
(Ehrenhalt, 2012). These trends are a partic-
ularly useful context for interpreting our
results on the spatial and temporal patterns
of economic mobility because they highlight
(1) the important regional nature of
American economics and demography, (2)
the important temporal phases that define
the country’s economic history, and (3) the
relationship between space and time in lay-
ing the foundation for the economic mobility
of American neighbourhoods.

Over the long term (1980–2010) our
results are consistent with these economic
and demographic narratives. The
Northeastern megaregion showed little evi-
dence of internal restructuring in that it
hosted cold spots for exchange mobility. At
the same time, however, it hosted hotspots
for growth mobility. At a local scale, this
means that neighbourhoods in New York
and Washington DC did not trade ranks
often; prominent neighbourhoods in New
York and DC stayed as such. On a national
scale, however, these same cities continue to
outpace smaller, and more centrally located
ones, like Detroit, that were once dominant
on the national scale. Indeed, the Midwest

displayed largely the opposite patterns, rep-
resenting a statistical cold spot for overall
mobility over the full 1980–2010 time period
and, similarly, a cold spot for growth.

Economists and geographers have long
recognised the importance of agglomeration
economies in helping to foster economic
growth, but our results are the first of which
we are aware that demonstrate the statistical
significance of these meso-scale economic
regions whose metropolitan statistical areas
tended to follow similar mobility trends.
Indeed, these results have strong implica-
tions for (mega)regional economic develop-
ment policy and national economic
inequality more broadly, but we also find
considerable nuance within each decade,
which we explore below.

In the 1980s, deregulation and the transi-
tioning economy led to reshaping of urban
inequality across the US, metropolitan
regions with larger shares in manufacturing
employment saw an overall decrease in eco-
nomic mobility, whereas economic deregula-
tion led to considerable growth in financial
centres along the Northeast corridor.
Metropolitan regions with larger popula-
tions and denser development were posi-
tively associated with growth and negatively
associated with exchange and dispersion.
Put differently, large, dense cities on aver-
age, did quite well in the 1980s, with most
neighbourhoods moving up the economic
ladder together, albeit with few changes in
position. The Northeast megaregion stood
out as a statistically significant hotspot in
this respect, as nearly all of the major metro-
politan regions along the seaboard experi-
enced these trends together. For smaller and
more rural parts of the country, however, a
different story emerges. In metros with large
shares of the economy dedicated to manu-
facturing, neighbourhoods generally saw an
economic decline. Portions of the South and
Midwest stood out as spatially significant
hotspots for dispersion and widening
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inequality, whereas the rustbelt in Western
Pennsylvania stood out as a significant cold
spot for economic growth.

The 1990s seemed to be a period of polar-
isation and widening inequality, with the
gap growing fastest in places already charac-
terised by a high spatial Gini index. Further,
metropolitan regions with large college-
educated populations saw a larger change in
economic dispersion. Many of the largest
metros in the 90s seemed to be characterised
by widening inequality, as low-tech, high-
paying jobs in the manufacturing sector
began disappearing from high-cost cities.
Together, those trends were consistent with
a narrative describing the reshuffling of
affordable neighbourhoods on the national
scale along with the nascent origins of the
‘back to the city’ movement, two trends that
together had sweeping implications for gen-
trification and urban displacement in the fol-
lowing decade (Hyra, 2015; Sturtevant and
Jung, 2011).

Indeed, through the new millennium spa-
tial trends in economic mobility continued
apace, albeit with a newly emerging racial
patterning in which areas with large
Hispanic and Latino populations were insu-
lated from economic growth whereas areas
with large Asian populations accelerated. As
with the 1990s, cities in the 2000s that had
large shares of college-educated citizens were
more likely to experience dispersion and a
lack of economic growth. This also applied
to growing inequality, as cities that already
had large spatial Gini indices were more likely
to continue a trend towards exchange and dis-
persal. In other words, through the 2000s,
many of America’s most unequal cities grew
even more so. From a spatial perspective,
there was considerably less statistical pattern-
ing, although a significant pattern of exchange
mobility emerged through Silicon Valley and
the Detroit metro region.

Although our results show nuance in each
decade, some long-term trends are

nonetheless important to discuss. In particu-
lar, while the spatial and economic conse-
quences of deindustrialisation have been
explored at length in the urban economic lit-
erature (Dawkins, 2003), a critically under-
examined component of economic
restructuring has been its impact on prevail-
ing political ideology and the spatial pattern-
ing thereof: a phenomenon Rodrı́guez-Pose
(2018: 189) has called ‘a wave of political
populism with strong territorial, rather than
social foundations’. The result, as
Rodrı́guez-Pose describes, is that political
persuasions have polarised in the US and
elsewhere, revealing a pattern in which
‘populism took hold not among the poorest
of the poor, but in a combination of poor
regions and areas that had suffered long
periods of decline. It has been thus the
places that don’t matter, not the ‘‘people
that don’t matter’’, that have reacted’ (2018:
201). Our findings underscore this perspec-
tive. While the American rustbelt was once
an engine of economic opportunity, provid-
ing high paying jobs in manufacturing and
mining, our results demonstrate a sustained
period of slow growth, whose explicitly
regional manifestation carries political impli-
cations for the electoral map, as well as for
national unity and inequality.

Conclusions

This paper provides an empirical study of
US neighbourhood income dynamics using
decennial census and American Community
Survey (ACS) datasets covering a variety of
mega, medium and small cities over both
long-term time spans (1980–2010), as well as
short terms 1980–1990, 1990–2000, 2000–
2010. We adopt a decomposition technique
for unpacking an overall spatial income
mobility index into its contributing compo-
nents (namely Exchange, Growth and
Dispersion mobility) to obtain insights into
processes of multidimensional urban and
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neighbourhood change. The paper repre-
sents one of the first comprehensive studies
of neighbourhood income dynamics in the
metropolitan United States, covering a
broad set of cities and a variety of temporal
scales and using spatially explicit explora-
tory and confirmatory analytics.

We find that, at the national scale,
Growth mobility dominates followed by
Exchange mobility in the long term.
However, this dominating–dominated rela-
tionship is reversed over time in the short
term, indicating temporally heterogeneous
urban and neighbourhood processes. We
confirm this temporal heterogeneity by
examining MSA-level spatial mobility. In
the long term, we uncover a strong negative
relationship between Growth and Exchange/
Dispersion mobility, while Growth mobility
appears positively related to overall spatial
mobility. Together these findings indicate
that more mobile MSAs were typically domi-
nated by changes in absolute average income
level, and these MSAs tend to host tracts
with fewer rank exchanges or changes in
income shares. These relationships, however,
have been changing in shorter time frames, a
finding we confirm through a set of regres-
sion analyses demonstrating temporal varia-
tion in statistically significant determinants.
This finding, we argue, stresses the impor-
tance of studying urban processes through a
dynamic lens. Aside from temporal heteroge-
neity, another significant finding is the spa-
tial agglomeration effect of intraurban
neighbourhood income dynamics; for exam-
ple, the Northeastern and the Great Lakes
regions have been hosting either hot spots or
cold spots of neighbourhood income
dynamics and its contributing components.

As we demonstrate in the paper, different
temporal scales can manifest diverging neigh-
bourhood income patterns and thus varying
urban and neighbourhood dynamics. While
we look at a 30-year long term, as well as the

three decadal short terms, we lack informa-
tion on smaller temporal scales, such as the
five-year mobility, or even the yearly mobi-
lity, which could be the defining force or
turning point in the more extended period.
An interesting endeavour would be to utilise
the ACS five-year estimates (2009–2018) to
investigate smaller temporal scales though
this comes with the downside of dealing with
larger margins of error. Another limitation
of the current paper is the limited set of
explanatory variables adopted for the spatial
regression analysis. A promising avenue for
further research is, thus, to interrogate
household migration across neighbourhoods
and MSAs, which may provide a better sense
of how the observed neighbourhood income
dynamics, as well as the Growth, Dispersion,
Exchange components, relate to demo-
graphic processes such as gentrification or
displacement. Another interesting dimension
is to explore whether and how institutions as
well as technology and innovation have been
shaping smaller-scale inequality dynamics, as
they have been demonstrated to impact
dynamics at the larger scales (Lee and
Rodrı́guez-Pose, 2016; Rodrı́guez-Pose,
2013; Storper et al., 2015).

Future work should also consider a spa-
tially explicit view of neighbourhood
inequality dynamics within MSAs. Although
the decomposition method we present here
allows for a comprehensive analysis of mul-
tiple neighbourhood processes within each
MSA, it falls short of shedding light on
potential spatial spillovers. In other words,
it does not provide insights into whether
nearby neighbourhoods tend to move
together in ranks, absolute income growth,
or income shares. Future research could be
directed to a further decomposition of the
current measure, which will enable a spa-
tially explicit view or an application of
extant spatially explicit income mobility
measures (Kang and Rey, 2020; Rey, 2016).
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Notes

1. A key distinction between neighbourhood
income dynamics and personal income mobi-
lity is that the former involves panels of loca-
tions, while the latter uses panels of
individuals. Panels of locations will be a mix-
ture of different individuals over time, some
being residents remaining in a location over
the interval, as well as individuals who enter
or exit the panel through migration, births,

and deaths.
2. Out of the 294 MSAs, three are not within

the lower 48 states: Anchorage MSA in
Alaska, as well as Urban Honolulu and
Kahului-Wailuku-Lahaina MSAs in Hawaii.
We include these three MSAs in the mobility
analysis, but exclude them for further
exploratory and confirmatory spatial analysis
on estimated mobility statistics.

3. The CPI adjustment table can be accessed at
the following URL: https://www.bls.gov/cpi/
research-series/allitems.xlsx (accessed 15
January 2020).

4. The multiple testing issue is addressed by
controlling the False Discovery Rate (FDR)
(Benjamini and Yekutieli, 2001).

5. Maps visualising spatial distributions of
MSA income mobility and the proportions of
exchange, growth and dispersion mobility
components across 1980–2010 are available
upon request.

6. We construct the spatial weight matrix based
on k-nearest neighbour for 294 US MSAs.
Global Moran’s I is always positive and sig-
nificant for k 2 ½3, 20� under random spatial
permutations.

7. The spatial weight based on eight nearest
neighbours generated the largest global
Moran’s I value and is thus adopted for the
subsequent spatial statistical analysis.

8. Maps of the local hot and cold spots of MSA
neighbourhood-level income flux and the
decomposed Exchange, Growth and

Dispersion components for each of three
decades are available upon request.

9. We have also attempted to include variables
such as metro average per capita/total
income, foreign born population, unemploy-
ment rate, poverty rate, age distribution
(Rodden, 2019), etc. These variables are
removed from the final model specification as
they are rarely significant and cause
multicollinearity.
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