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Abstract

Cities are characterized by the coexistence of general aggregate patterns, along with
many local variations. This poses challenges for analyses of urban phenomena, which
tend to be either too aggregated or too local, depending on the disciplinary
approach. Here, we use methods from statistical learning theory to develop a general
methodology for quantifying how much information is encoded in the spatial
structure of cities at different scales. We illustrate the approach via the multiscale
analysis of income distributions in over 900 US metropolitan areas. By treating the
formation of diverse neighborhoods as a process of spatial selection, we quantify the
complexity of explanation needed to account for personal income heterogeneity
observed across all US urban areas and each of their neighborhoods. We find that
spatial selection is strongly dependent on income levels with richer and poorer
households appearing spatially more segregated than middle-income groups. We
also find that different neighborhoods present different degrees of income specificity
and inequality, motivating analysis and theory beyond averages. Our findings
emphasize the importance of multiscalar statistical methods that both coarse-grain
and fine-grain data to bridge local to global theories of cities and other complex
systems.

Keywords: Bayesian statistics; Spatial selection; Neighborhood effects; Income

1 Introduction

Complex systems — such as cities, ecosystems, or organisms - are recognizable by the
coexistence of general structures along with many local variations [1, 2]. But such a de-
scription is deceptively simple because it glosses over the fact that local variations in a
patch of forest or a city street represent not just random fluctuations [3, 4], as in physical
systems, but a long history of serendipity and adaptation emphasized in biology and the
social sciences [5, 6]. This distinction is central to any theoretical approach to cities: How
to account for mechanisms of change and adaptation not only on large scales, but also
locally in neighborhoods or small groups? What is chance and what is necessity in differ-
ent places, at different times? How does local learning and adaptation lead to large-scale
growth and development [7, 8]?
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It is rather self-evident that the aggregate (or macro-level) characteristics of an urban
area should emerge from the interactions occurring within [9-11]. Recovering what these
interactions are and identifying how they generate macroscopic behavior is confused by
the well-known “ecological fallacy” [12]. This issue results from inferences about the na-
ture of individuals made on the basis of group averaged characteristics [2, 12]: Aggregating
and averaging data invariably masks underlying heterogeneity and, in complex systems,
may destroy relevant information.

The present paper develops a systematic approach to the analysis of how individual
agent characteristics (such as income and other socioeconomic and demographic vari-
ables) form different patterns of organization at different scales. We use data from US
metropolitan areas to motivate and illustrate our results, bridging large-scale patterns of
income distribution at the metropolitan area scale (city) to those observed in small ar-
eas, such as block groups (neighborhoods), which are often quite different from the city
at large. In doing so, we also connect to multiscale research in sociology and geography
on segregation and inequality in cities [13-16] and contribute to the expansion of their
methods and results.

The conceptual and empirical obstacles to building theories of complex systems across
different scales are evident from the diverging approaches developed by different dis-
ciplines [3, 9, 10, 17]. For example, when modeling cities, physicists and economists
tend to prefer the study of averaged behavior and adopt (homogeneous) representative
agents [18], while other social scientists emphasize the specificity of places and people.
Thus, from a statistical perspective, different approaches can be roughly divided into two
camps. One emphasizes more aggregate data and modeling, while the other claims that
such aggregation is (sometimes) a gross approximation to relevant phenomena and prefers
local evidence and more attention to context and history. Here, our goal is not to adjudi-
cate between these approaches but to demonstrate explicitly that both are necessary for
the study of complex systems. In particular, we show that the complexity of explanation at
different scales in cities can be quantified and pinpointed by appropriate methods of in-
formation theory. This specifies the amount of information needed to describe individual
neighborhood patterns, and, conversely, how much is lost by taking aggregate statistics
instead.

Our approach contrasts with the common strategy in statistical physics —known as
coarse-graining— of obtaining predictable macroscopic statistics from averaging over
smaller and faster scales [19]. Coarse-graining is appropriate when variations on small
and faster scales are random, resulting from microscopic disorder. Such approach then
tells us that, in many known systems, most local details do not contribute to macroscopic
behavior. This is the basis for the renormalization group in statistical physics, which con-
stitutes the essential tool to analyze phase-transitions in bulk materials and has resulted
in powerful ideas of universality [17, 20]. It follows that proceeding in the direction of
coarse-graining leads to information loss as local states are replaced by averages over larger
scales [20], see Supplementary Text 1.1 for derivation. Because of this essential feature,
renormalization group methods are not invertible.

By contrast, proceeding in the opposite direction, from more averaged to less averaged
systems — which we call “fine-graining”— requires the addition of information as new de-
grees of freedom on smaller scales must be specified. Such “fine-graining” methods have
now been developed in statistical learning theory and inference [21-23], and in evolu-
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tionary biology in terms of selection [24, 25]. Following these developments, we see great
opportunities for the use of emerging generative models from artificial intelligence to ac-
count for the detailed statistical structure of cities. Here, we lay some basic foundations
for such future efforts by demonstrating and discussing some of the structures actually ob-
served in US cities and how they connect and generalize tools already in use in sociology
and geography [13, 26].

In pursuing an information-theoretic approach, we are also motivated by accounting for
the complexity of human behavior in cities, and specifically the observed patterns of spatial
sorting of households into neighborhoods by personal income [6, 27-29]. The differen-
tial sorting of households into neighborhoods, whether by income, race/ethnicity or any
other characteristic, is a classic problem in sociology and economics [6, 26, 27, 30, 31],
approached originally by showing that seemingly innocuous local decisions can lead to
extreme macroscopic patterns of segregation [31]. By contrast, we show that observed
patterns of economic sorting in US metropolitan areas are, generally, place and income
group specific, and quantify such differences. This specifies how observed local income
distributions entail more complex residential choices and therefore help advance the un-
derstanding of decision models to explain them in practice [32].

2 Results

To illustrate our methods and objectives, consider the pattern of household income in New
York City neighborhoods (Fig. 1A); see Figs. S1-S5 for details and other cities. We observe
strong heterogeneity at different spatial scales, from adjacent neighborhoods (delineated
by block groups, BK-GP) with different average household incomes to larger patches of
wealth and poverty, e.g. the Upper East Side (the richest part of Manhattan) or the Bronx
(generally poor). Moreover, we observe different income distributions inside each neigh-
borhood, Fig. 1B, so that poor neighborhoods contain people who are not poor (BK-GP 3),
and rich neighborhoods many who are not rich (BK-GP 2). As is well known, this spatial
heterogeneity is long-lived, persisting for decades or longer [6], through many economic
cycles and substantial demographic turnover [33].

Interestingly, such rich and detailed patterns contrast with the simple normal distribu-
tion for (the logarithm of) household income across the entire city (metropolitan area),
Fig. 1C. A log-normal process emerges from general multiplicative growth processes,
where each contributing factor operates independently. In this case, wealth appreciates at
a fluctuating rate [34—36]. This coarse-grained statistic is common to all US metropolitan
areas: the distribution of income across all cities is well described by a lognormal (except at
the 1% top tail, which is censored in this data), see Supplementary Text S1.2 and Figures S6-
7. Moreover, the two parameters characterizing this distribution are simple and general,
see Supplementary Text 1.3 for background: The mean obeys a scaling relation [2, 37, 38],
well parameterized by a power-law (Y(N, t))) = Y, (t)N#(t), see Fig. S8, with general urban
system-wide parameters Yy(¢), B [2]; where the exponent 8 > 1, expresses urban super-
linear (agglomeration) effects [37, 39], Fig. S8. Its value is predictable from urban scaling
theory, which describes the city in terms of interdependent networks of people, organi-
zations and infrastructure [2, 11]. The variance of the logarithmic income, see Fig. S9, is
also a simple general number, associated with the cumulative volatility of incomes over
time [35] and setting the level of inequality within the urban area measured, for example,
by the Gini coefficient or the Theil index [26, 36], Supplementary Text 1.4.
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Figure 1 The income heterogeneity of neighborhoods in New York City. A. Average household log-income in
New York City census block groups (BK-GP). B. Income distributions in selected neighborhood highlighted in
Fig. 1A. C. The city-wide distribution of household log-income is very well described by a normal distribution
(green line), implying a lognormal distribution in the original variables. We show in SOM that this is an
excellent general model for the household income distribution across all US urban areas. The mean and
variance of this distribution obey simple scaling relations, see Supplementary Materials $2.2. Data was
compiled by the US Census 5-year American Community Survey (2010 release) comprising of over 200,000
block groups nationwide and about 14,000 in the New York Metropolitan Statistical Area (MSA). Colors in
panel A vary on a logarithmic scale, but color boundaries are shown in nominal values, for ease of
interpretation

A statistical regularity thus emerges, Fig. 1C, at the city-wide scale as the result of averag-
ing over a rich pattern of local neighborhood (and individual) variations, Fig. 1A-B. While
this coarse-grained statistic reveals important aspects of urban socioeconomic dynam-
ics [35, 40], we now focus on the structure of neighborhood variations using this macro-
scopic regularity as the reference. Specifically, we quantify the complexity of the pattern
of variations in neighborhoods by comparing income probability distributions at different
levels of spatial aggregation, BK-GP distributions in Fig. 1B to Fig. 1C. To do this explicitly,

we write

pUeln) = wep(ye), (1)

where p(y¢|n;) is the distribution (normalized share) of income y, in discrete bins la-
beled by ¢ in neighborhood #; (the different colorful BK-GP in Fig. 1A). Here, p(y,) is
the income distribution at a more aggregate level (Fig. 1C), which we take to be the
entire city (metropolitan area) throughout this paper. Equation (1) defines the weights,
wyj = p(ye|n))/p(y¢) which transform one distribution into the other, see Fig. S10. With this
definition, the average weights over income obey the normalization (w;) = Y, wyp(ye) = 1
for all neighborhoods j, see Methods.
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Equation (1) is well known and can be readily recognized from two different perspec-
tives. First, it is the haploid model of population genetics [5, 41], also known as the repli-
cator equation in evolutionary game theory [42]. In that context, the two distributions are
related across time (not space) and the weights wy; are the relative fitness of a trait £, ex-
pressing its differential propagation to the next generation. The stronger the deviation of
wyj away from the average (unity), the stronger the selection for allele £. This corresponds
to high fitness if wy; > 1, and vice-versa if wy; < 1. When wy; = 1, the dynamics is neutral,
and there is no selection. Selection refers to the process by which certain elements are fa-
vored over others based on specific features of the environment. The replicator equation
allows the fitness function to incorporate the distribution of the population types rather
than setting the fitness of a particular type constant, thus capturing the essence of selec-
tion [25]. This interpretation gives a mathematical correspondence between evolutionary
dynamics (in time) and neighborhood sorting (in space). The biological analogy can be
carried out further by associating the fitness, wy;, with an (average) adaptive advantage
for people in income group ¢ in neighborhood j. Importantly, and also in analogy to se-
lection in biology, such local adaptations do not need to follow from conscious ‘rational’
decisions: neighborhood selection can be a bottom up process resulting from a diversity
of local environmental factors affecting households.

Second, Eq. (1) is a form of Bayes’ theorem [21, 25] in statistical learning, which leads to
the interpretation of wy; in terms of probability ratios, specifically

p(njlye)
p(ny)

Py — v, = PO _ pGeln) - pOem)
[ T pm) T pOo  pOOp(n)

2)

pQyelny) =

Here, p(#;]y,) is the probability for a person in the city to reside in neighborhood #;, given
that they have income y,. The probability, p(#)), is the (income independent) probability
to live in neighborhood #;, estimated as the ratio of its population to that of the city, see
Methods.

This second perspective leads to a general correspondence between probability theory,
inference, and neighborhood structure. In this context, logwy;, in Eq. (2) is the (non-
averaged) mutual information [21] between neighborhood j and the distribution of in-
come y. (Mutual information measures how much knowing one random variable reduces
uncertainty about another, quantifying the amount of shared information between them.)

To see this more explicitly consider the average of log w; over income groups

ogw) = 3 pelnog 224 piptyinlipio1. ®)
l

pe)

Here, DI...] is the (Kullback-Leibler) divergence between the distributions of income city-
wide and in neighborhood j. The Kullback-Leibler divergence is a core concept in infor-
mation theory that quantifies how much one probability distribution differs from another,
measuring the information lost when the latter is used to approximate the former [43].
For each neighborhood j, it represents the amount of information required to describe its
specific income distribution, assuming we begin with knowledge of the city-wide income
pattern. Conversely, it measures the information lost (error) in assuming that the neigh-
borhood is well described by the aggregate distribution. Atypical neighborhoods, with
income distributions very different from the city as a whole, require a longer explanation
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Figure 2 Spatial Selection Measured in Units of Information. A. The information, (logw;), necessary to explain
the household income distribution of different neighborhoods, given the city-wide income statistics, Fig. 1C.
The entropy of the income distribution for the New York Metropolitan Area is H(y) = 3.89 bits. Thus
neighborhoods in darker gray require very little additional information, while those in red may demand local
explanations that are as comprehensive as the city-wide pattern of income itself. Comparing to Fig. 1A, note
that it is both the poorest and richest neighborhoods that tend to require more information (red). B. The
average intensity of local selection by income, measured by (log w;), for several large US MSAs. The richest
income brackets experience the strongest spatial selection, followed by the lowest incomes. The variation
with income can be reasonably fitted by a quadratic form (red line, for New York MSA) with

(logwj) = 1.058 - 1.167107%y + 6.074x107"1y?. C. The average strength of neighborhood effects across urban
areas in the US measured by the mutual information /(y; n) (942 metropolitan and micropolitan areas). Orange
denotes stronger average neighborhood selection, where the distribution of income in each of the city’s
neighborhoods is less like that of the city as a whole, and vice versa (purple). Cities with low /(y;n) — 0 have
less distinguishable neighborhood structure by income

(more information). Neighborhoods that already reflect the city-wide pattern require no
further description. In other words, atypical neighborhoods necessitate the consideration
of specific neighborhood effects, in addition to the city-wide distribution of traits com-
mon to all places, to explain their income distributions. The term (log w;) expresses the
strength of neighborhood effects in each place j relative to city-wide dynamics, measured
in units of information.

Figure 2A shows the strength of income neighborhood effects for each block-group in
New York City, measured by (log w;), see Figs. S11-S15 for details and other cities. We ob-
serve a very mixed pattern with many neighborhoods reflecting the distribution of income
for the city as a whole (dark gray). However, others display a strong local flavor (red). We
verified that the magnitude of the observed differences, which could reflect errors of infer-
ence due to BK-GPs population size variation, could not be the result of a purely neutral
process of drawing individuals at random from the metropolitan income distribution into
each neighborhood, see Methods and Fig. S16.

Comparing Figs. 1A and 2A suggests that the most atypical neighborhoods have both
the highest and the lowest average household incomes. It turns out that this is a general
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pattern of selection across all US metropolitan areas that we can quantify systematically
via the average of log w; over neighborhoods j,

]9( /|y(3)

() = Dlp(nlyo)llp(m)]. (4)

(logwy) Zp(n, lye)log ———

This quantity is the average information necessary to explain the distribution of specific
income groups y; across the city, given that we know its neighborhood structure. In the
absence of neighborhood effects (i.e., of spatial sorting), this quantity is zero, meaning that
each level of income is distributed at random over space. Thus, the magnitude of Eq. (4)
quantifies the differential average strength of neighborhood effects for different income
levels in each city. Figure 2B shows that the neighborhood effects are strongest for the
highest income group, followed by the lowest. Middle-incomes are observed to be spatially
the most mixed and thus less determined by specific neighborhoods. This is an interesting
new finding because it quantifies how different income groups exercise different kinds of
choices — by preference and necessity. This also demonstrates that any realistic model of
residential choice in US cities needs to be an explicit function of income levels.

These two effects are summarized by a single quantity that captures the overall strength
of neighborhood effects for each city in units of information, Fig. 2C. This is the total (mu-
tual) information, I(y; n) = (log w), between neighborhood structure and income, given as
the average of the previous quantities over the remaining variable,

(logw) =Y p(n)DIpGIn)llp()] =Y p(y)Dlp(nlyo)llp()] (5)
¢

J

= ZP()% nj)log wy; = I(y; n).

Lj

If every neighborhood were a microcosm of the city as a whole, then all income groups
would be spatially well-mixed and there would be no (income) neighborhood effects, lead-
ing to I(y; n) = 0. Conversely, in cities where every neighborhood has its own unique flavor,
not at all like the distribution of traits across the city, there is strong sorting of incomes
by neighborhood and I(y; n) will be large. How large, depends on the relative amount of
information needed to describe the system at the local level, Fig. 1B, versus as a whole,
Fig. 1C. The mutual information I(y; n) gives a measure of how well a coarse-grained pat-
tern describes a complex system observed at a more disaggregated level. In other words,
I(y; n) quantifies the average complexity of any theory of local neighborhood effects versus
a theory of the same quantity at the city (metropolitan) level.

The top and bottom ranked metropolitan areas in the US by the magnitude of I(y, n)
are shown in Tables S1-S4. We see that Dallas followed by New York City and New Or-
leans show the highest /(y; #) in 2010 and that many cities in Texas show in general strong
income segregation by neighborhood. This is particularly interesting because these cities
are currently among the fastest growing in the nation so that some of the observed income
segregation is the result of recent residential choices. Smaller cities, especially in parts of
the upper Midwest (e.g. Wisconsin) but also in other states, show the lowest neighborhood
segregation by income.

Figure 3A shows how the strength of neighborhood effects measured by I(y; n) changes
over time, for select large cities. Note that this analysis is done for three broad temporal
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Figure 3 Mutual information between income and neighborhoods over time. A. Select large Metropolitan
Areas. B. Average mutual information across all cities over time. The middle line shows the median across
cities. Boxes show the inter-quartile range (between the first and third quartiles). Some outliers are shown as
points. Shaded areas show the shape of the distribution

periods — 2010, 2015, and 2020 — because the data is collected on a 5-year rolling basis.
We observe very similar results for 2010 and 2015, but a sharp increase in neighborhood
sorting effects in 2020. This increase seems to be more pronounced in some larger cities
and is associated with more dispersed observations across all cities, as shown in Fig. 3B.
While we do not have a simple explanation for these observations, the latter part of the 5-
year American Community Survey coincided with the COVID-19 pandemic. On the one
hand, the pandemic is known to have caused significant non-response bias in the 2020
data in this survey [44]. On the other hand, there were significant (mostly temporary)
population dislocations, with many (more affluent) households leaving central areas of
larger cities and creating potentially strong selection effects [45—47]. It will be interesting
to continue to monitor this situation to establish the reason and potential reversal of these

effects over time.

3 Methods

3.1 Datasources

Geo-referenced data at the household level (income and population) for the United States
are reported at the Census Block Group level (BK-GP) by the 5-year American Commu-
nity Survey. Block groups are statistical subdivisions of Census Tracts, which in turn are
the basic data collection units for the population census. The boundaries of block groups
are generally set so that they contain between 600 and 3000 people, with a typical size of
about 1500 (or 500 households). Block Groups are spatially contiguous and tile the en-
tire country. Data are aggregated into urban areas defined as Core-Based Statistical Areas
(CBSA), which include Micropolitan Statistical Areas and Metropolitan Statistical Areas.
Metropolitan areas contain an urban core of 50,000 or more people, while micropolitan
areas center around an urban core with 10,000 to 49,999 residents, both defined by ad-
jacent counties with strong economic and commuting ties. (An urban core is a densely
settled area.) For simplicity we refer to micropolitan and metropolitan areas together as
Metropolitan Areas: there are 942 such areas currently in the US. Counties are the pri-
mary legal divisions of States in the US, many of which are functioning governmental
units whose powers and functions vary from state to state. Counties differ greatly in their

areal expansion and populations size.
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3.2 Units of analysis: neighborhood definitions

In the main text, we use the term neighborhood to refer to Census Block Groups (BK-
GPs), as shown in Fig. 1A. Block groups provide an exhaustive tiling of the entire national
territory of the United States and its population. They are constructed to have an average
population of 1500, which varies between about 600 and 3000 thus never getting too small.
Consequently, in denser areas, block groups correspond to smaller land areas, as can be
clearly seen in the maps of Fig. 1A. Adopting block groups as proxies for neighborhoods
is convenient because they are consistently defined by the US Census Bureau (and simi-
larly by other national census around the world) and provide a universal standard for the
study of small area statistics across an entire nation. For these reasons, they are the most
common proxies for social units at this scale (neighborhoods) in the US.

A neighborhood is commonly defined as a geographically localized community where
residents share a collective identity, social interactions, and access to local resources. To
empirically operationalize this socio-spatial concept, however, a standardized spatial unit
is required, and in this study, we follow the common convention of using Census Block
Groups as a proxy for neighborhoods (as depicted in Figure 1A). This approach is advan-
tageous because the US Census Bureau intentionally designs block groups to be relatively
homogeneous in population and housing, and their exhaustive, standardized coverage
of the entire nation enables robust, replicable analysis, making them the default choice
for large-scale quantitative research. Nonetheless, this choice has a significant drawback:
these administrative boundaries are externally imposed and may not align with residents’
perceived community lines or social geographies, potentially bisecting cohesive groups
or artificially combining disparate ones. This fundamental tension between administra-
tive convenience and lived experience is why sociologists have long debated the validity
of block groups, arguing they can obscure nuanced social dynamics and prompting many
local studies to adopt different, more socially meaningful units of analysis (see for exam-
ple [16, 48]).

Our aim here is to demonstrate effects of spatial selection at any given scale. A systematic
study of the strength of spatial selection at different scales using different delineations [16,

49] of neighborhoods is beyond the scope of the present manuscript.

3.3 Data limitations

The American Community Survey (ACS) and the Decennial Census collect household
data in small spatial units that allow us to characterize patterns of spatial selection in
neighborhoods (i.e., Census Blocks). The ACS is a statistical survey conducted by the US
Census Bureau, sent to approximately 250,000 addresses monthly (or about 3 million per
year). Unlike the population census (which is strictly a population count), the ACS collects
socioeconomic information (for example, on household income). The data are collected
primarily by mail, with follow-ups by telephone and personal visits. ACS data are used
to make yearly estimates for counties which are then aggregated to provide estimates for
States and metropolitan areas.! ACS data has an important reporting limitation when it
comes to the upper tail of the income distribution: the number of households is listed only
for a data bin set by a minimum value (> $200k per household in 2010).

!For detailed information on the American Community Survey go to www.census.gov/acs/.
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It has been often shown empirically [50] that, at higher levels of spatial aggregation,
the > 1% tail of the income distribution deviates from the lognormal pattern reported in
Fig. 1C. Such statistics do, in fact, often follow a Pareto (power-law) distribution for the
top richest fraction of 1% [50]. Consideration of a finer distribution in this regime is likely
to produce even higher atypical values of information for neighborhoods that concentrate
such high incomes. In this sense, even though many richer neighborhoods appear the
most atypical from the point of view of their income distribution relative to the city at
large, Fig. 2B, it is likely that this effect is underestimated as a result of the way data for
these incomes are reported.

Another potential limitation deals with any errors of inference due to the varying pop-
ulation sizes of block groups, which we noted above range between 600 and 3000 people
and average 1500 by design. If the income histograms were uniformly distributed, this
would result in >37 samples per bin in the smallest BK-GPs, suggesting that it is well re-
solved in most cases. To test these ideas empirically, we also generated a null model of
BK-GP income distributions, by drawing N; random samples per neighborhood (i.e. one
per individual). Such distributions show very small local selection effects ({Inw;) < 0.03),
see Fig. S16, demonstrating that observed effects are robust to random effects, specifically

from variations of BK-GP population sizes.

3.4 Practical estimation of probabilities
Here, we provide an explicit version of the probability distributions introduced in the main
text and the procedure by which they are estimated from discretely binned data.

Let N be the total number of households in a given city, or the size of that city, for short.
Let N; be the number of households in neighborhood j, across all income levels. Then #;,
is the number of households in neighborhood j, with income (in the interval denoted by)
£. Ny is, correspondingly, the total number of households in the city with income in the

interval indexed by £. These quantities obey several simple sum rules:
ZN]:N, ZN5=N, an,z=Ne, Zn/,e=N;w (6)
J ¢ J ¢

Having defined these quantities, which are the ones typically reported by the US Census
Bureau, we can provide simple frequency estimators for the several probability densities
needed. The simplest is p(#;), the probability of living in a specific neighborhood, which
is p(n)) = % Analogously, the probability of belonging to a given income level, ¢, is p(y,) =
%. The conditional distribution for being in a given neighborhood j given income ¢ is

p(njlye) = V;Q—f From this and Bayes’ relation it follows that

p(njlye) jg
= -, 7
s p(e) N (7)

pQyelm) =
The weights w;, are given by

8)

Wjp=N—"—.
it N[]V]
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Finally, we can check that the properties of the conditional probabilities hold, under

these definitions,

Mjg 1
Zp(n,m) N =L )
> pylyoN, = Z Fe me = Nj. (10)
4 4 4
1
meln» N =g N=1 (11)
]
> pOelm)N; = Z N - Zl’l;z - N.. (12)
j i

4 Conclusions

We have shown how intricate local patterns of population traits develop from broader,
general distributions in larger populations through processes of spatial selection. We also
demonstrated that the type and strength of these patterns are most effectively measured
in terms of information—a fundamental quantity that provides a unifying language across
complex systems. Cities, in particular, display simple aggregate regularities alongside rich
local variation in different neighborhoods. Our central contribution is to show that spa-
tial sorting of households across neighborhoods can be represented, measured, and inter-
preted as a selection process whose intensity is meaningfully quantified in units of infor-
mation. The metrics introduced here extend methods from the social sciences to smaller
scales adding to their nuance and interpretability, and contribute in a quantitatively pre-
cise way to closing the gap between urban theory of aggregate patterns (especially in eco-
nomics and physics) and approaches that emphasize local heterogeneity and difference in
other social sciences.

Selection is a general process by which populations and individuals adapt to their envi-
ronment by acquiring and processing information and revealing their choices [24, 25, 51].
Although the word “selection” often invokes biological evolution, here it formalizes a per-
fectly general Bayesian mechanism by which systems acquire or embed information. As
Price noted more than 50 years ago [52, 53], selection is a general process in complex sys-
tems, described by the same underlying mathematical formalism. When applied to spatial
sorting, this approach allows us to study how local variations can arise within the context
of widespread aggregate statistical regularities. Importantly, in line to its role in biologi-
cal systems, selection is not necessarily the result of conscious rational choice: it happens
naturally (and inexorably) whenever individual traits interact differently with local envi-
ronments, for example in terms of levels of income and types of housing.

In the context of cities, the “types” analyzed here are income groups, the “environ-
ment” is the configuration of local housing, amenities, institutions, prices, and social
networks. The amplification of local income differences arises from households’ choices
and constraints interacting with supply, policy, discrimination, and path dependence. The
replicator—Bayes equivalence in Eqgs. (1)—(2) makes this explicit: residential choice behaves
as inference, where neighborhoods signal rewards and restrictions, the households update
beliefs and options, and the urban system learns by re-weighting the joint distribution,

p(y|n), creating different local patterns of residential choice.
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The quantification of processes of selection in terms of information is still relatively
new [24, 25, 41]. We hope that our approach provides a new perspective in respect to
the observed multiscale distribution of population and associated features over space in
cities. To this end, we have shown how to account for information embedded in the spa-
tial structure of cities at different scales, from metropolitan areas to local neighborhoods,
thus accounting for the complexity of an overall pattern in terms of both local and global
mechanisms. In this way, we bridge two frequently opposing perspectives by showing how
coarse-grained “universality” can co-exist with local choice, agency, and specificity. This
is particularly poignant for cities, where diversity at the neighborhood levels coexists with
relatively simple regularities at the level of functional cities and urban systems [2, 6, 10].
The application of these methods to other locally heterogeneous systems, such as ecosys-
tems or neural networks, is straightforward but requires datasets of comparable scope and
quality.

Models of residential choice have recently been developed representing salient and em-
pirically supported household decisions, characterized by more realistic local contexts,
personal traits, and continuous levels of preference [15, 28, 32]. Estimating these per-
sonal and contextual characteristics from empirical data requires a systematic methodol-
ogy such as the one introduced here, which at once measures the complexity (amount of
information) necessary at different scales. The recursive property of informational quan-
tities tells us how much of the explanation for an overall pattern may be macroscopic or
microscopic by helping us keep track of the information content of models at different
scales, Supplementary Text 1.4. Our results show specifically that the aggregate distri-
bution of income for metropolitan New York City is a poor model for most of the city’s
neighborhoods, especially its richest and poorest places.

Our use of information quantities to describe complex spatial patterns of income in
cities has a parallel history in the social sciences but also extends its methods and results.
Inspired by early results in information theory, Theil developed an original econometric
approach to measuring inequality across scales in the 1960s [26]. The main contribution
from this early work was a new measure of inequality, the Theil index T', which decom-
poses inequality within and across a given unit of analysis, see Supplementary Text 1.4.
This measure was adapted by Reardon and O’Sullivan [13] to the study of segregation as
a normalized difference between group composition entropy at larger scales and in each
neighborhood. This is known as the spatial information theory segregation index, SITSL
Specifically, this segregation index is a normalized mutual information I(y; n)/H(y), where
H(y) is the Shannon entropy of the aggregate distribution (e.g. for the city), see Supple-
mentary Text 1.4 for derivation. Along with other multi-scalar approaches [49], these in-
dices have been used by sociologists and geographers to characterize economic inequal-
ity [15] and racial segregation [13, 14, 16] across scales in cities and develop more nuanced
perspectives on neighborhoods. However, to the best of our knowledge, the connection to
the larger context of information, including the Bayesian interpretation of the weights wy;
and the information divergences characterizing neighborhoods and quantiles of y has not
been developed or appreciated. These more disaggregated quantities are essential to make
sense of the more aggregated patterns observed in the SITSI or a Gini coefficient, and
specifically to understand the dynamics of particular neighborhoods or income groups.
Our approach also reveals that most block groups are more mixed by income than crude
labels of rich or poor neighborhoods imply, suggesting a gradual mechanism for local eco-
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nomic development through changes in these mixtures. For all these reasons, we believe
that the methodology introduced here complements and extends existing metrics in the
social sciences, and speaks directly to the need for a more nuanced and heterogeneous
understanding of issues of urban inequality and socioeconomic development.

A limitation of the present study is related to the quality of data over time and also to
other quantities besides income. As we have seen for the US, this data is created via a
rolling survey, which is sensitive to non-response biases in times of fast change such as
during the recent COVID-19 pandemic. In this respect, studies of neighborhood effects
related to income using register-based data in nations such as the Netherlands [54], Swe-
den [55, 56], Norway [57, 58], or Finland [59, 60] present rich future empirical opportu-
nities, also to analyze changes over time and throughout people’s life-course.

A more systematic understanding of spatial population sorting by personal income
and other household characteristics remains at the root of some of the most challeng-
ing problems for urban science and public policy, including the causes and consequences
of economic inequality [61-63], ethnic and racial segregation, disparate access to oppor-
tunity [63-65] and spatially concentrated (dis)advantage [58, 66, 67], including issues of
crime and violence [6, 29, 66, 68], Supplementary Text 1.5. Extensions of present models
and analytical approaches to more urban systems (nations) and several other demographic
dimensions (income, race, education, gender, etc) remain necessary to create better theory
of human development and change across scales, and to make urban policy and practice
more effective in the face of radically different challenges faced by specific individuals in

different places.
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