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Abstract

We construct a new neighborhood geography using a revealed preference intuition: If people dis-
proportionately move within neighborhoods, their boundaries can be backed out from migration
flows. Our “districts,” which consist of about nine census tracts each, correspond to recognizable
local areas, as their boundaries align with physical barriers, sharp demographic changes, and
local government borders. To illustrate applications, we first show that tract-level analyses of
neighborhood sorting miss important broader patterns. Second, aggregating tract-level intergen-
erational mobility estimates to the district level increases precision threefold while introducing
little aggregation bias, resulting in improved predictive power in a hold-out sample.
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Introduction

Neighborhood geographies are fundamental to the social sciences. They are used to measure the
quality of life and economic opportunity at a location, to define the unit of residential choice, and
to capture spatial variation in local conditions or demographic composition. However, constructing
these geographies is a difficult and unsolved problem. How large is a neighborhood? Do their sizes
vary? How does one identify borders between similar areas?

One reason these questions are difficult to answer is that we do not know what area determines
a given local attribute. Qualitative work suggests that different features are determined at different
scales (Suttles 1972; Galster 2001). A street block may capture immediate neighbors or the areas in
which children play. A broader scale, such as the "districts" of roughly 50,000 people discussed in
Jacobs (1961)’s seminal work, may capture easily accessible retail and entertainment or the area
that determines public good quality. Other difficulties in delineating neighborhoods include our
limited knowledge of how housing searchers subdivide a city and the formidable investment required
to create a granular geography with coverage of a large country.

Likely as a result of these difficulties, few neighborhood geographies are available in the United
States. The vast majority of research uses the census tract, and options are especially limited at
broader resolutions (Lee et al. 2008). This reliance on a single scale may limit our understanding
of neighborhoods in several ways. Prior work suggests neighborhood effects may depend on both
local and broader contexts (Billings et al. 2022), that important drivers of segregation may operate
at a level above the tract (Davis et al. 2025), and that neighborhood policies can spill out of their
targeted areas (Hanson and Rohlin 2013; Ziff 2025). A broader geography would enable further work
on these topics, as new microdata made hyper-local analyses possible (Logan and Parman 2017;
Bayer et al. 2025). In addition, a larger unit could improve the precision of local model estimates
and data aggregates, such as home price appreciation (Bogin et al. 2019) or economic opportunity
(Chetty et al. 2025), and solve some practical problems in the estimation of quantitative spatial or
neighborhood choice models (Dingel and Tintelnot 2020; Bayer et al. 2016).

In this paper, we develop a revealed preference approach to neighborhood delineation and use
it create a new geography with an average population of 40,000. We call these units "districts,"

following Jacobs (1961), and we construct them as discrete combinations of tracts, nested within



counties. A tract-to-district crosswalk and set of interactive maps are available at the authors’
website. We build the districts using a network algorithm that groups together tracts that see high
rates of cross-migration, which we observe using nearly comprehensive address history data from
the Census Bureau. This allows us to quickly create the geography in different metropolitan areas
and time periods, in contrast to traditional labor-intensive methods. After showing that districts
align well with popular perception, physical barriers, administrative boundaries, and demographic
discontinuities, we illustrate their usefulness for studying neighborhood sorting and aggregating
spatial data.

We begin the paper with a review of qualitative work on neighborhood scale, prior attempts
to create new neighborhood geographies, and the existing substate geographies. We then turn to
a simple model that illustrates why revealed preference might work in this setting. In the model,
individuals face a moving cost to changing districts and have persistent tastes for neighborhood
characteristics. These factors generate the key prediction that underlies our empirical approach—
people should disproportionately move within districts. Basic statistics using the address history
data support this model implication. Migration from an origin tract is highly concentrated in the
tract’s most frequent destinations, which also tend to be its closest neighbors. However, even among
the nearest neighbors, there is a left tail that receives few migrants from the index tract, consistent
with discrete neighborhood boundaries.

This feature of migration within cities, which has not been documented previously, both supports
the existence of popularly known broad neighborhood areas and opens the door to backing out
their boundaries from observed location choices. This sort of revealed preference approach has
been used to measure difficult-to-observe quantities such as university quality (Avery et al. 2013)
and job amenities (Sorkin 2018). It has significant benefits—it is scalable and does not impose
much structure on what a neighborhood should look like—but it is also computationally difficult in
the neighborhood delineation setting. We must corral hundreds of millions of moves and select a
partition of each city’s tracts from a nearly infinite set of possibilities.

To efficiently implement the idea, we turn to community detection algorithms, which group nodes
of a network into strongly interconnected modules. The Infomap algorithm, developed in Rosvall
and Bergstrom (2008), is particularly well-suited to migration applications because it accommodates

weighted, bidirectional connections. To apply Infomap, we first convert the migration flows within


https://evanemast.github.io/district-maps/

each county into a network in which nodes are census tracts and the connection between Tract A
and Tract B is a function of the number of migrants from A to B between 2010 and 2019. We
then use the algorithm to partition each network into modules with high rates of cross migration,
which form our districts. Perhaps the most important specification decision is the target district
size: we aim for a mean of eight to 10 tracts and a range of five to 20 tracts. This roughly splits
the difference between counties and tracts (adding the maximum additional spatial information),
corresponds with the observed concentration of migration flows, and aligns with some popular
colloquial neighborhood definitions (such as Chicago’s Community Areas). We also require that
districts be contiguous and have population over 12,000.

We estimate districts in the 100 largest Core-Based Statistical Areas (CBSAs). The resulting
tract-to-district crosswalk is available at https://evanemast.github.io/district-maps/, along with
interactive maps that overlay districts on base maps of streets and geographic features. The
interquartile range of district size is six to 12 tracts, corresponding to 27,000 to 54,000 people.
Even though the algorithm only uses spatial information in rare corner cases, districts are generally
compact and regular in shape. Turning to internal validity, the average migration connection
between a pair of tracts in the same district is much stronger than between an equidistant pair of
tracts not in the same district. In addition, larger districts have less concentrated migration flows,
suggesting size variation is at least partially data-driven.

District boundaries have a striking coincidence with important breakpoints in cities. Consistent
with a growing literature on highways and cities (Bagagli 2023; Brinkman and Lin 2024; Wang
2025), we find that adjacent tracts separated by an interstate are disproportionately likely to
be placed in different districts, especially in dense areas. Similar patterns emerge for rivers and
railroad tracks. District boundaries also tend to coincide with municipal and school district borders,
consistent with sharp breakpoints in public good quality (Schénholzer 2023), as well as with abrupt
demographic shifts. Since many district borders are formed by these salient features, they tend
to match recognizable and cohesive areas, as shown in Figure 1. In cities, districts often resemble
popularly known neighborhoods, as the figure shows for McKinley Park in Chicago and the West
Village in New York City. In suburbs, they often coincide nearly exactly with towns or school
districts, as the figure shows for Dedham, MA and Lower Merion Township, PA. These examples

also give a sense of districts’ scale and the spatial attributes they may capture or endogenously
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determine. Districts seem to be approximately the scale that people have in mind when answering
the question, “Where do you live?”

Overall, we argue that districts provide a level of quality comparable to what would be produced
by costly, labor-intensive convenings of local experts. Revealed preference identifies the important
breakpoints in cities, out of the huge set of features that could potentially form neighborhood
boundaries, by selecting those that measurably influence migration. Of course, like census tracts or
any comprehensive neighborhood geography, districts are not perfect. We discuss common sources
of irregularities, such as weakly defined neighborhoods or odd census tract boundaries, and argue
that they are unlikely to be important in empirical applications.

The most concrete contribution of this paper is the construction and public release of this
new neighborhood geography, which fills the large gap between tracts and counties and has many
potential applications. The underlying conceptual innovation is a new method for applying the
economic principle of revealed preference to neighborhood delineation. Since the method relies
on an off-the-shelf algorithm with low computational burden, it can easily be replicated in other
settings with administrative address history data. To our knowledge, no prior work has constructed
a national geography or identified neighborhoods using revealed preference, although others have
drawn neighborhoods in small sets of cities (Grannis 1998, 2005; Clapp and Wang 2006; Sampson
and Sharkey 2008; Spielman and Logan 2013). Recent work has also used algorithmic methods
to delineate space for other purposes, notably contemporaneous work by Ziff (2025), who uses
migration flows to estimate housing submarkets in Chicago.! More generally, researchers have
produced a growing number of large-scale data sets on urban topics including zoning stringency
(Bartik et al. 2025) and amenity access (Cook 2025).

The final sections of the paper describe two illustrative applications. First, districts can be
used to incorporate broader neighborhood areas in studies of sorting and segregation, which have
largely relied on census tracts (Lee et al. 2008). We show that tract-level analyses miss important
elements of racial segregation that occur at a broader scale: over 87 percent of variation in tract

racial composition is across districts, and segregation indices are nearly identical at tract and district

'Researchers have also defined labor markets based on job transitions (Schmutte 2014; Nimczik 2023; Fogel and
Modenesi 2023), constructed regions based on commuting flows (Hamilton and Rae 2020), and identified mobility
barriers faced by housing voucher holders (Garboden 2021). Daepp (2022) applies Infomap to migration between
towns and hand-constructed neighborhoods to construct urban planning regions in Massachusetts.



levels. While a small literature has used buffer regions and largely found similar results (White 1983;
Echenique and Fryer Jr 2007; Reardon et al. 2008), districts respect stark neighborhood divides
that buffers do not and allow researchers to avoid an arbitrary decision on buffer radii.

However, there is significant within-district variation in socioeconomic indicators like tract
median household income, suggesting that tract characteristics do not completely characterize the
local environment. District characteristics are correlated with measures of a tract’s quality even
conditional on the tract’s other characteristics, implying that tract-level analyses may not fully
capture the relevant area for neighborhood effects (Chyn and Katz 2021) or racial disparities in
neighborhood quality (Logan 2011; Bayer et al. 2021; Aliprantis et al. 2022). For example, the
average majority-Black tract is in a district with a poverty rate 7 percentage points higher than a
majority-white tract with similar tract-level characteristics. We conclude the section by discussing
possible implications for models of neighborhood choice and change.

Last, we show that districts are a useful level of spatial aggregation using the Opportunity Atlas
estimates of tract intergenerational mobility (Chetty et al. 2025). These estimates are influential
but have large standard errors that can make inference difficult (Mogstad et al. 2024). Aggregating
the estimates to the district level shrinks standard errors by a factor of three, greatly improving the
precision of neighborhood mobility rankings. This comes with only a small increase in aggregation
bias, as districts preserve 83 percent of signal variance. In fact, average mobility in a tract’s district
is a better predictor of the tract’s mobility estimate in a holdout sample than the tract’s own
baseline estimate, suggesting that tract-level estimates may overfit the data. In addition to the
Opportunity Atlas example, we discuss several other cases where district-level aggregations offer
a useful point on the bias-variance curve or solve technical problems related to dimensionality or

granularity.

1 Background and Data

1.1 Prior Work on Neighborhood Definition and Scale

Galster (2001) provides a useful conceptual definition of a neighborhood: a contiguous area with a
similar set of spatially based attributes or externalities. This emphasis on common attributes fits

naturally with many economic models in which local characteristics vary at the neighborhood level



(in some cases because they are determined by a neighborhood’s residents). The definition also
easily accommodates multiple neighborhood scales. Some attributes of a person’s neighborhood
environment are quite local and vary from one block to the next. Others vary more broadly, perhaps
because people travel farther to access them or because they are determined by the people living
in a broader watershed. Survey work has found wide variation in self-reported neighborhood size,
suggesting that people perceive different neighborhood scales in different contexts.?

A very small neighborhood area, such as the census block, may determine local attributes like
the neighbors that one runs into regularly, nearby property upkeep, or noise levels. Suttles (1972)
describes the smallest neighborhood scale as the area in which children can play unsupervised, while
Jacobs (1961) discusses an overlapping set of “street neighborhoods" that may be as small as a
single block. Prior work points to important peer effects and strong network connections with these
close neighbors (Bayer et al. 2008).

A broader neighborhood area shares a different set of attributes. Jacobs (1961) describes
“districts" as collections of potentially heterogeneous street neighborhoods which people frequently
travel between for everyday tasks. They often feature popular centers of use such as parks, civic
facilities, and commercial areas, and their borders are typically defined by physical barriers (such as
a busy street) that prevent one street neighborhood from overlapping with the next. Tach et al.
(2016) discuss a number of amenities that are likely located in one’s district but not their block:
schools, grocery and retail shops, parks, transit stops, non-profit organizations, recreation centers,
and libraries. Measuring these amenities at the block level would misstate both what is easily
accessible from a given location and the watershed that determines the quality of these features.
These larger neighborhood areas are also frequently the scale at which neighborhoods develop
recognizable names, community groups, and related social networks.3

A researcher may want to work at either a small or large neighborhood scale, depending on

which local attributes, externalities, and social or economic processes are relevant to an application.

2Talen et al. (2025) collect 5,000 hand-drawn neighborhood boundaries in Chicago and report a population
interquartile range of 11,000 to 41,000. Pebley and Sastry (2009) report that 40 percent of their Los Angeles sample
consider their neighborhood to be either the area within a 15-minute walk or a larger area, while 35 percent consider
it to be the block they live on. (They also find considerable variation between respondents in the same census tract.)
Coulton et al. (2013) report that the 75th percentile of their survey responses is about twice the land area of the
average census tract, while the 25th percentile is only 20 percent of the tract average size.

3For example, Luttmer (2005) documents a negative relationship between an individual’s happiness and their
relative income using neighbors within the same Public Use Microdata Area as the reference group.



However, the set of purpose-built neighborhood geographies is limited, especially if one desires
national coverage. Several recent projects construct neighborhoods for particular cities based on
large-scale surveys (Woodruff 2017; Buchanan 2023; L.A. Times 2025; Talen et al. 2025). This
approach results in neighborhoods on the district scale, with mean neighborhood populations across
these projects ranging from 23,000 to 40,000. Other researchers have developed methodologies
based on first principles. Grannis (1998) and Grannis (2005) delineate neighborhoods as areas that
are connected by small neighborhood streets, and Clapp and Wang (2006) divide West Hartford,
Connecticut into neighborhoods that minimize variance in property values. Some researchers,
including Spielman and Logan (2013) and Sampson and Sharkey (2008), have clustered together
individuals or census tracts with similar demographic characteristics. However, none of these efforts
has been completed at the national level, likely due to the prohibitive cost of scaling methodology

(particularly surveys) to cover the entire country.

1.2 Existing Substate Geographies

While researchers have not created a national neighborhood geography, the federal government
produces a number of substate geographies that are often used as neighborhood units. Table 1
describes the important features of counties, Public Use Microdata Areas (PUMASs), zip code
tabulation areas (ZCTAs), census tracts, census block groups, and census blocks.

Tracts, block groups, and blocks all capture much smaller areas than districts. These geographies
are cleanly nested in each decennial year, although the Census Bureau does change them over time
to accommodate population change. The tract, which contains approximately 4,000 people, is
the primary scale used in neighborhood research. It is popular in part because researchers have
developed crosswalks that harmonize boundaries from 1970 to the present (Logan et al. 2014),
and in part because the Census Bureau releases much more demographic information for tracts
than blocks or block groups. In addition, because tracts are drawn to be easily identifiable in the
field, their borders often coincide with permanent physical features like highways, waterways, and
railroad tracks. However, there is no reason to think that tracts represent a particularly important
neighborhood scale. They were created gradually over the first half of the 20th century to provide
statistical information on subareas of a city, with an initial emphasis on disease measurement. To our

knowledge, the only stated rationale for their size is a minimum level of statistical precision. However,



it is noticeably similar to the “neighborhood unit" concept, which was developed contemporaneously
by urban planners and targeted a population of 7,000, justified as the minimum scale to sustain an
elementary school (Perry 1929).4

The existing options for delineating a neighborhood larger than the tract have significant
limitations. ZCTAs approximate postal zip codes, which were drawn to optimize mail delivery
and were never intended to reflect neighborhood boundaries. They vary widely in size and overlap
unevenly with tracts, with over a quarter contained entirely within a single tract. (For example,
Chicago’s enormous Merchandise Mart office building famously had its own zip code until 2008.)
In contrast, PUMASs are drawn with demographic similarity in mind, and they align with census
tract and county boundaries. However, their minimum size is 100,000 people, and over 25 percent
contain more than 240,000, making them significantly larger than the neighborhood sizes reported
in surveys. In addition, PUMASs can be spatially discontiguous and are drawn by state-level agencies
that use heterogeneous methodologies (Siordia and Wunneburger 2013).

Finally, researchers will sometimes use a circular buffer region around an individual’s residence
in place of neighborhood geography. This defines a set of overlapping neighborhood environments,
rather than partitioning space into unique units. Buffers offer some benefits—for example, they
may capture the environment of a person living near the edge of a spatial unit better than the
unit’s boundaries. However, the approach does not account for sharp breaks between neighborhoods,
which could lead to buffer regions that include areas that the index person would not consider their
neighborhood, and researchers must arbitrarily choose a radius length.

These shortcoming do not make zip codes, PUMASs, or buffer approaches useless: All will capture
some notion of the broader neighborhood. However, we compare these geographies to districts in
Section 4 and show that they frequently cross important physical barriers and sharp demographic

discontinuities, potentially creating significant measurement error.

4Jacobs (1961) strongly criticized this neighborhood scale: “The ideal neighborhood of planning and zoning theory,
too large in scale to possess any competence or meaning as a street neighborhood, is at the same time too small to
operate as a district. It is unfit for anything. It will not serve even as a point of departure. Like the belief in medical
bloodletting, it was a wrong turn in the search for understanding.”



1.3 Data

Our primary data source is the Census Bureau’s Environmental Impacts Frame (EIF), which provides
annual, address-level residential histories for nearly all U.S. residents from the late 1990s onward.
Addresses are drawn from an array of administrative sources, with a priority ordering based on
each source’s accuracy and reliability. The most frequently used source is annual 1040 and 1099 tax
filings, but addresses can also be taken from the Medicare Enrollment Database, HUD records on
housing assistance programs, and the USPS National Change of Address file. Voorheis et al. (2023)
describe the construction of the EIF in detail.

We use the EIF to construct a data set consisting of the number of moves from each possible
origin tract to each possible destination tract from 2010 to 2019.° We define a move from Tract A
to Tract B as a person who is observed in Tract A in year ¢ and in Tract B in year t 4+ 1. In the
estimation of the publicly released version of the districts, a small amount of noise is added to the
move count variable to protect confidentiality. We show later that this does not meaningfully affect
results. Finally, we use the 2010 vintage of census tracts and draw demographic information from

the Longitudinal Tract Data Base (LTDB) developed in Logan et al. (2014).5

2 Methodology

2.1 A Revealed Preference Approach to Delineating Neighborhoods

Why might migration patterns identify neighborhood boundaries? Suppose that a neighborhood
construct like districts exists, that each district has attributes that affect the experience of living
in it, and that the district map is known by individuals living in a city. Consider an individual
who currently lives in tract c_1, and let each district d be composed of a collection of tracts. The

individual chooses a tract for the next period ¢ to maximize the indirect utility function:

Ujet = QiTe + Bitq(e) + 71(d(c) # d(c-1)) + €ict (1)

5Note that because migration rates vary widely with demographics, some subgroups will account for a dispropor-
tionate share of moves. Appendix Table A.1 shows that renters account for 64 percent of moves, and individuals aged
19-29 account for 26 percent. In contrast, people over age 65 account for less than 5 percent.

8Section A.3 of the Appendix provides more details on data sources and sample definitions.



where z. is a vector of tract characteristics, x4 are the characteristics of the tract’s district, and
a; and B; are individual-specific, time-invariant preferences over those characteristics. Since d(c_1)
is the individual’s baseline district, v is a moving cost from changing districts.

All else equal, the individual is clearly relatively likely to choose a tract in the same district as
their initial tract. This first avoids the moving cost . In addition, since the individual chose d(c_1)
in an earlier period and preferences are stable, the characteristics of this district likely generate high
utility. Finally, if tracts within a district are relatively homogeneous, a similar argument applies to
tract characteristics. Thus, migration flows should be disproportionately clustered within districts.
This implies that if a district construct exists and influences location decisions, an econometrician
could back out its boundaries by identifying clusters of tracts with high cross-migration.

This stylized model provides a foundation for our revealed preference approach. However, it
relies heavily on the assumption of time-invariant preferences over neighborhoods. This may be the
case for some moves. Perhaps a renter’s lease has expired, or a person wants to change housing unit
size or quality. On the other hand, many people move precisely because their taste for neighborhoods
changes, perhaps due to changes in their income, household composition, or age.” Fortunately, our
methodology only requires that an excess mass of within-district moves can be detected empirically,
not that all moves be within a district. This condition holds in practice; in part because moves
driven by changing neighborhood preferences are relatively dispersed (since preferences can change
in many directions) and thus do not create many large flows.

There are a number of benefits to a revealed preference approach. First, unlike methods that
cluster together demographically similar areas, it does not impose any assumptions on racial or
economic homogeneity within neighborhoods. This is especially important because neighborhood
geographies are often used to measure sorting and segregation. Our method requires only that
neighborhoods have some shared attributes that influence individual preferences. Second, it can
be implemented using administrative data on migration, which is available in many settings. In
contrast, survey-based approaches require costly and specialized data collection, and they often

struggle with low responses rates in poor and heavily minority areas (Talen et al. 2025).

"Responses to the Current Population Survey suggest that migration is most frequently driven by a desire to
change housing units or a change in household composition, motivations that could conceivably lead someone to search
within their district or in a new district. Only about 10 percent of moves are driven by factors that almost certainly
make a person want to change districts: seeking a better neighborhood and reducing commute.
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2.2 Empirical Patterns in Migration Flows

Before attempting to back out district boundaries, we use the EIF to show that raw migration
flows across census tracts are consistent with the existence of a broader neighborhood concept that
influences location decisions. Figure 2 shows the share of within-county migrants from the average
tract to each of its 50 strongest migratory connections and its 50 closest tract neighbors by centroid
distance. Migration is strongly concentrated along both dimensions. The strongest connection
receives over 6 percent of departures from the index tract, and the closest neighbor receives more
than 4 percent. These shares rapidly decline, with the 25th ranked tract on either metric receiving
less than 1 percent. Moreover, the curves are convex, with departures shares sharply decreasing
until about the tenth-ranked tract, when the slope begins to flatten.

Migration is not simply concentrated among the closest tracts; Panel A of Appendix Table A.2
illustrates that some tracts exchange relatively few migrants even with tracts they directly border.
Slightly over 7 percent of adjacent tracts are not among the index tract’s 20 strongest connections.
This is consistent with neighborhood boundaries that affect migration, and we show after estimation
that district borders are drawn precisely at these places where migration connections are weak.
Panel B instead shows the distance rank of close migratory connections, with 80 percent of the

index tract’s 10 strongest connections coming from its 20 closest neighbors.

2.3 The Infomap Algorithm

Inverting migration flows to district boundaries at scale is not straightforward. The number of
possible partitions of the tracts in a large metropolitan area is nearly infinite, and the EIF data
contains hundreds of millions of moves.

One approach would be to estimate Equation 1, searching for the parameters and district partition
that maximize the likelihood of observed tract choices. While this is theoretically attractive, there
are a number of practical difficulties. Foremost is the huge number of possible partitions. In addition,
the model contains many other parameters that are difficult to estimate and may interact with
the district boundary estimates, but are not central to the goal. We instead take an algorithmic
approach. This simplifies estimation immensely, resulting in quick run-times that allow for iterative

testing and development. It also makes our estimation process much easier to implement in other
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settings than a state-of-the-art neighborhood choice model.

We use the Infomap algorithm developed in Rosvall and Bergstrom (2008), which is among a
large class of community detection algorithms. Infomap takes a weighted and directed network as
an input. Roughly speaking, it partitions the nodes of the network into the set of modules that
minimize the expected frequency at which a random walker surfing the network will transition
between modules, subject to a penalty for the modules becoming too large.® In our application,
nodes are tracts, connection strength is determined by migration frequency, and the modules created
by the algorithm are the districts. The algorithm’s objective function will thus lead it to group
together tracts that have relatively high cross-migration. (Variation in cross-migration would also
drive the district partition estimates in a maximum-likelihood estimation of Equation 1.)

There are several reasons that Infomap is ideally suited for our application, although other
community detection algorithms could likely be used to obtain similar results. First, the revealed
preference argument suggests that pairs of tracts within a district should see migration in both
directions, and Infomap accommodates a directed network. This minimizes the influence of moves
that are due to changing neighborhood preferences, which tend to be unidirectional (e.g., subur-
banization after having children). Second, Infomap has a high resolution, enabling it to construct
smaller modules than competing methods like stochastic block models (Kawamoto and Rosvall
2015). This is important because our desired district size is small relative to large counties. Third,
Infomap has a low computational burden. Running Infomap on Los Angeles County, the most

populous in the United States, only takes about a minute on a standard personal computer.

8Rosvall et al. (2009) provides an intuitive description of the Infomap algorithm, which is built on concepts from
information theory. To summarize, suppose that we started a random walk at a particular node and allowed it to
move along the network. The walker draws the next node from the set of nodes connected to its current node, with
probability proportional to the connection strength to each node. The goal of the Infomap algorithm is to construct a
binary coding system that can describe the nodes visited by the random walk in as few bits as possible (in expectation).
It constructs a two-part coding system, in which modules are assigned one set of codes, and nodes within each module
are assigned a separate set. There is also a code that indicates when the walker switches between modules, so that the
coding system can use repeated codes for the nodes within each module and still uniquely describe each walk. The
benefit to the two-part system is that short binary codes (e.g., one bit for the number 1) can be used repeatedly for
nodes in different modules, avoiding the use of long codes for larger numbers (e.g., nine bits for 300). The goal of
minimizing expected description length pushes the algorithm to construct strongly interconnected modules that a
walker is relatively unlikely to exit, reducing the number of module transitions that must be encoded. On the other
hand, having more modules allows the algorithm to use more short node codes.

12



3 Estimation

3.1 Choosing Target District Size

We target a mean district size of eight to 10 tracts and a distribution contained within five to 20
tracts. The most basic rationale is that this splits the difference between counties and tracts. The
median county in our sample contains 25 census tracts, and the 75th percentile has 95 tracts, so
this target size breaks the typical county into about five to 15 districts that each contain five to
15 tracts. This is appealing because if a district were only slightly smaller than a county, or only
slightly larger than a tract, it would add little information about the local environment. In addition,
migration flows from a tract are concentrated among five to 20 close connections, as shown in Figure
2, suggesting that groups around this size form a distinct unit. After estimation, we show that this
flow concentration also leads the algorithm to work well computationally at this resolution, perhaps
because there are clear cutpoints at which to place borders.

Finally, a number of popular neighborhood geographies fall in this size range. Two well-known
examples are Chicago’s Community Areas and New York City’s Neighborhood Tabulation Areas.
The survey-based efforts discussed in Section 1.1 also yielded sizes in this range for Chicago (30,000),
Los Angeles (33,000 and 44,000), New York City (23,500), and Boston (32,000). This suggests that
there is a recognized neighborhood construct around this size, although colloquial neighborhood
boundaries produced in smaller cities tend to be significantly smaller (Hartley and Rose 2023). This
may be because the larger geography is not very useful shorthand in a metro area with only a
few “districts." Nonetheless, the local attributes that are determined at the district level should be

similar in cities of different sizes, even if the salience of the geography to locals differs.

3.2 Converting Data to Network Form and Estimating Infomap

In order to apply Infomap, we convert the tract-to-tract transition data (created from the 2010 to
2019 EIF files) into a weighted and directed network in which tracts are nodes and the connection
strength is a function of the number of migrants. We construct a separate network for each county
that includes only tract pairs within it (implying that only within-county moves, about 60 percent

of all migration, enter the estimation), and estimate Infomap independently on each network.
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This ensures that counties nest districts and reduces computational burden in large CBSAs.? We
do not include tracts with a population below 500, which see little migration and are generally
non-residential areas like airports, parks, or industrial agglomerations.

The primary degree of freedom in this transformation is the definition of connection strength
between a tract pair. Different definitions yield significantly different results, especially for district
size. When strength is very concentrated in the tightest connections (e.g., number of migrants
squared), Infomap returns small districts, as a random walk is unlikely to exit even very small
modules. In contrast, when the connection strength is more diffuse (e.g., square root of number of
migrants), districts are large, as the random walker will frequently exit even large modules.

To choose a connection strength function, we estimate a number of specifications and consider
their performance on several metrics. First, we consider basic measures like the share of districts
within the target range of five to 20 tracts or that are initially discontiguous. Second, we assess
overfitting by estimating districts using 10 percent subsamples of the EIF and calculating the
stability of boundaries. Finally, we estimate the share of districts that contain subareas that are
not strongly connected by migration, which suggests that distinct districts are mistakenly being
combined. We deliberately do not consider demographics in this informal specification search.

The results from each candidate specification are described in detail in Section A.1 of the
Appendix. The crucial insight is that basing connection strength on a destination tract’s rank among
an origin tract’s possible destinations, rather than raw counts of migrants, standardizes the strength
distribution and allows the algorithm to perform well across tracts with different populations and
demographic characteristics. Specifically, we divide the number of migrants from tract A to tract B
by the total number of migrants to B, producing a measure of B’s popularity that accounts for its
size. We then rank all of A’s destinations according to this variable, with one being the highest.

Finally, denoting this rank as Rg;, we define connection strength as X if Rypy < C and 0

1
(Rab + 2)
otherwise.'? This functional form performs well on all metrics, and the exponent X and connection
cutoff C allow for finetuning, with higher exponents and tighter cutoffs leading to smaller districts.

We set X =2, C' =10 and show later that tweaks have little effect.

With the connection weights defined, the network representation of the tract-tract flow data

9We set all counties with a population below 30,000 as a single district to avoid some odd corner cases.
0We shift the rank by two in order to flatten the gradient among the strongest connections.
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is complete. We apply the Infomap algorithm to each county’s network and obtain a crosswalk
mapping each tract to a rough set of districts. To arrive at the final set of districts, we regularize
this initial output in two ways. First, we split districts that are not spatially contiguous into their
contiguous subcomponents.'! Second, when a district has a population below 12,000, we combine
it with the adjacent district to which it has the strongest migratory connection. About 8 and 2

percent of tracts are in initially discontiguous or low-population districts, respectively.

4 District Boundaries and Validation

4.1 Overview

In this section, we illustrate that the district geography captures distinct migration patterns and
aligns well with physical, administrative, and demographic discontinuities. Revealed preference
identifies the important breakpoints in cities by selecting features that affect migration. While the
best way to assess district quality is to examine the interactive map of a familiar city, available at
https://evanemast.github.io/district-maps/, we include several examples here. Figures 3 and 4 show
districts in Chicago city proper and the surrounding CBSA, respectively. Appendix Figures A.1 to
A.3 show Manhattan, Washington, D.C., and the Houston metropolitan area.

The maps exhibit some encouraging visual patterns. Districts are generally spatially regular and
close to convex—they are not shaped like a noodle or an octopus. Consistent with patterns in density
and travel speed, districts gradually increase in size as distance to the city center increases. While
it is difficult to quantify, districts also typically pass the eye test. Figure 1 shows four illustrative
examples. McKinley Park in Chicago has borders that are clearly defined by a combination of
railroads, industrial yards, and waterways—district borders capture this neighborhood exactly. The
district corresponding to West Village in New York City closely matches survey work from Buchanan
(2023). Last, the suburban municipalities of Dedham, MA and Lower Merion Township, PA are
each exactly one district. Somewhat more systematically, Appendix Figures A.4 and A.5 show that
districts align well with Chicago’s Community Areas and New York City’s Neighborhood Tabulation
Areas in many cases, particularly at important physical barriers.

Districts also tend to fall within the target size range, as shown in Table 2. The average district

HWe allow "queen" or "kitty corner" adjacencies, in which tracts only touch at a single point in space.
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contains about nine tracts and 40,000 people, and the interquartile ranges for these variables are
six to 12 and 27,000 to 54,000. The lower panels describe district sizes in towns with top quartile
population density versus others. Population and tract counts are similar in the two groups, but
districts in high density places have a much smaller land area.

We find strong evidence that district boundaries are driven by migration patterns—Infomap
successfully implements the revealed preference idea. A tract is placed in the same district as its
strongest connection 95 percent of the time, versus only 14 percent for its 20th strongest (Appendix
Figure A.6). In addition, there are large connectivity differences between equidistant tract pairs
that are in the same district versus those that are not. Figure 5 shows that when the nearest tract
is in the same district, it is the index tract’s fourth strongest connection on average. When it is in a
different district, it is 30th. Last, variation in district size is at least in part driven by the data.
Appendix Figure A.7 plots the share of departures to a tract’s strongest connections separately for
districts with fewer than seven versus more than 14 tracts. Nearly 8 percent of departures in small
districts are to a tract’s strongest connection, and 26 percent are to the five strongest. In larger
districts, the corresponding figures are only five and 18 percent.

Boundary estimates are also relatively stable. We estimate districts separately on 10 percent
subsamples of the EIF (drawn without replacement) and calculate, for each pair of adjacent tracts,
the number of subsamples in which the two tracts are placed in different districts. Appendix Figure
A .8 shows that half of tract pairs are never a district border, while 14 percent are a border in every
subsample. Only 15 percent of tract pairs receive a border in between three and seven subsamples
(inclusive). In addition, the noise infusion required to disclose the publicly available tract-to-district
crosswalk has little effect. About 94 percent of adjacent tract pairs have the same district-border
status in the baseline and the publicly available version, including 99 percent of “hard” tract borders
that appear in all 10 subsamples. Finally, we also created districts based on migration during from
2000 to 2009. About 90 percent of adjacent tract pairs maintain the same district relationship in
this version and the primary estimation. Section A.2 of the Appendix discusses stability across

small changes to the specification.
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4.2 Alignment with Physical Barriers and Local Government Borders

As an initial illustration of how physical barriers tend to form district borders, Figure 6 overlays
interstate highways and rail lines on a map of districts in Chicago. Example boundaries include
Interstate 55, which extends southwest from the central business district and the parallel rail line
a mile to the north of 1-55.12 In Table 3, we generalize this example by considering all adjacent
tract pairs and all limited-access highways. In pairs separated by a highway, the two tracts are
in different districts 48 percent of the time, versus a rate of only 30 percent among other pairs.
Highways are even more likely to form district boundaries in dense areas, where they are a larger
barrier to common modes of transport (Bagagli 2023; Brinkman and Lin 2024). Among tract pairs
with above-median population density, 63 percent of those separated by a highway span a district
border, versus only 36 percent of pairs that are not separated by a highway.

Municipal borders are also important determinants of boundaries, particularly in suburban areas
where towns may be near the target district size. For example, in the Boston suburbs, the towns of
Brookline, Revere, and Needham are each exactly a district. This likely results from preferences
over public goods, particularly families who want different housing but do not want to change school
districts. The second panel of Table 3 shows that 56 percent of adjacent tract pairs that span a
town border are in different districts, compared to only 25 percent of pairs that are within the same
town.!3 Unsurprisingly, much of the importance of town borders appears to be driven by school
districts. Sixty-eight percent of tract pairs that span a school district border are classified into
different district neighborhoods, versus only 28 percent of pairs that are within the same school
district. However, even pairs of tracts that span only one type of boundary—town but not school
district, or vice versa—are placed in different districts at an elevated rate, suggesting that both

schools and public goods generally influence migration.

4.3 Alignment with Demographic Differences

The desired alignment between districts and demographic changes is nuanced. We would usually like
to see a district border where there is a large change in racial or economic composition, since the

demographic change likely indicates a break between neighborhoods. However, some neighborhoods

12Tn contrast, Appendix Figure A.9 shows that ZCTAs in Chicago do not align with these features.
BWe do not include pairs that span a county border, since we impose that these locations are district borders.
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may span these divides, and a benefit o f t he r evealed p reference a pproach ist hat it d oes n ot impose
boundaries at these locations. We would also like to see similar adjacent tracts be placed in the
same district, but neighboring districts could certainly be demographically similar and yet distinct.

To illustrate these ideas, the left panel of Figure 7 overlays district borders on a map of tract
racial majority in Chicago (taken from the 2010 census). The coincidence of borders and racial
composition is striking, particularly along the boundaries between the majority-Black west side
and the majority-Hispanic northwest and southwest sides. Districts are generally composed of a
similar set of tracts, sometimes with some bleeding over from an adjacent district that may represent
ongoing neighborhood change or racial compositions that are close to a 50 percent cutoff.

In contrast, alignment with demographics appears to be a shortcoming of ZCTAs, as shown in
the right panel of Figure 7. Many more units contain areas with very different r acial composition,
with perhaps the most striking example being the 60623 zip code, which lies along the western
border of the city just south of its midpoint. This zip code combines majority-Black North Lawndale
and majority-Hispanic Little Village, which are in reality sharply divided by a rail viaduct running
through the middle of the area. ZCTAs can also split coherent neighborhoods, such as Hyde Park
around the University of Chicago (the majority-white and no-majority area to the southeast).

Moving beyond examples, Table 4 shows that districts are less likely to contain a large demo-
graphic discontinuity than ZCTAs or buffer r e gions. We d efine th e bu ffer region for each tract as the
set of tracts that border it, as in Logan (2011). We define a 1 arge d iscontinuity as a p air o f adjacent
tracts that are in the top 5 percent in their difference i n w hite s hare or 1 og m edian i n come. Because
the likelihood of a discontinuity mechanically increases with size, we stratify by number of tracts
contained in the unit and do not include units larger than 12, as few ZCTAs or buffers e xceed this
threshold. At the median district size of 9-10 tracts, 13.8 percent of districts contain a discontinuity
in white share, versus 26.2 percent of ZCTAs and 27 percent of buffers. Relative differences are
similar across sizes, and districts also perform better on income, although by a smaller margin.
Appendix Figure A.10 shows a complementary fact: districts are significantly less likely t han ZCTAs
to place a border between a pair of adjacent tracts with a similar white share, as well as slightly

more likely to place a border between a pair with very different white shares.

We do not include PUMAs in this table because they are much larger, with over 80 percent containing more than
20 tracts. Forty-nine and 52 percent have a white share and median income discontinuity, respectively.
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4.4 Weaknesses and Imperfections

The transparency of district boundaries makes their imperfections more visible than most estimates
from economic models. In this subsection, we describe common sources of irregularities or errors.
On the whole, we believe that they are unlikely to meaningfully undermine the usefulness of districts
and are likely unavoidable in any attempt to define neighborhoods at scale.

First, because districts are built from census tracts, they inherit some of their limitations. Tracts
can take highly irregular shapes, especially when they include unpopulated areas like industrial
zones or parks. These spaces are often not strongly associated with any neighborhood and may
in reality serve as “thick” boundaries. In addition, while tracts generally align well with major
physical features, there are exceptions. A tract may span a highway, or a major street may serve
as a boundary between a series of tracts, then fall within a single tract, then resume its role as a
dividing line. Some tracts are drawn to conform with irregular municipal boundaries. Appendix
Figure A.11 shows examples of districts influenced by each of these cases. Using the tract as the
building block also prevents us from separating distinct subareas within a tract. However, we believe
that the convenience of a unique mapping from tracts to districts outweighs these costs.

A second class of imperfections arises when neighborhood boundaries are not well defined. For
example, consider two demographically similar districts that are separated by a large street but see
significant cross-migration. The algorithm may assign a tract on one side of the street to the other
side’s district, producing a zigzag boundary rather than a straight line. In general, these cases are
unlikely to affect estimates of district composition, as they occur precisely where small errors in the
boundary are unimportant.

Third, we do not assign the 1 percent of tracts with fewer than 500 people to a district. While
very few people live in these areas, they can be spatially large or prominent (e.g., the office district
in Midtown Manhattan, the National Mall in Washington D.C., Chicago’s O’Hare airport). This

may need to be accounted for in applications in which the exact location of jobs is important.
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5 Application: Sorting and Neighborhood Choice

5.1 Measuring Sorting and Neighborhood Inequality

In most large cities, it is obvious that racial and economic sorting occur at a broader level than the
census tract. However, the vast majority of research on the topic uses the tract as the neighborhood
unit (Lee et al. 2008), with a few exceptions examining broader resolutions using buffer regions
(e.g., White 1983, Echenique and Fryer Jr 2007, Lee et al. 2008). While buffers are convenient
and flexible, t here is no clear guidance on t heir size, and t hey may cross sharp racial divides or
administrative boundaries that determine public good or school quality.!®

Districts provide an improved way to measure the composition of broader neighborhoods,
potentially capturing sorting patterns that have been obvious yet difficult to qu antify. Unlike
buffers, t heir size is justified by both em pirical migration patterns and prior survey work, and their
boundaries align with breakpoints in the local environment. District-level statistics thus have a
relatively tight connection with an important set of public goods and amenities, as well as with
resident perceptions of their neighborhood.'® To illustrate potential applications, we use districts to
compute racial segregation indices and measure racial disparities in neighborhood quality.

The district-level isolation index for non-white individuals in the average sample CBSA is only
very slightly lower than the tract-level index: 0.494 versus 0.526. For Black individuals, the district
and tract indices are 0.286 and 0.324. Put differently, the average minority individual lives in a
tract that is 64 percent minority and a district that is 62 percent minority, and the average Black
individual lives in a 47 percent Black tract and a 43 percent Black district. This implies that
tract-level analyses miss important elements of segregation. Nearly identical patterns emerge at a
scale 10 times larger, which has implications for segregation’s relationship with amenities, public
7

goods, and cross-race exposure, as well as for identifying the drivers of segregation.!

The more general relationship between tract and district characteristics is also informative. Table

5Monarrez and Schénholzer (2023) instead show that a large share of racial segregation across neighborhoods can
be explained by sorting across local government boundaries.

16Buffers offer other benefits, such as capturing differences between the center versus the edge of a district.

1"While traditional isolation or dissimilarity indices do not accommodate buffer regions, some simple statistics
suggest that buffers may understate segregation. Defining a buffer as the set of directly bordering tracts, as in (Logan
2011), the average majority-Black tract is in a buffer that is 64.2 percent Black, versus a 70.5 percent Black district.
Over 25 percent of majority-Black tracts are in a district that is more than 11.5 percentage points more Black than its
buffer. This is consistent with some buffer regions crossing sharp racial divides.
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5 shows the R? values from several regressions of tract characteristics on a vector of district fixed
effects. Nearly all of the variation in tract racial composition occurs across, not within, districts—R?
exceeds 0.87 for share white, share Black, and share Hispanic. However, the rightmost columns
show that tracts are more likely to share a district with an economically dissimilar neighbor—the
R? values are 0.696 for log tract income and 0.648 for the poverty rate. To illustrate this pattern,
consider majority-Black and high-poverty tracts (setting the poverty threshold at 33 percent to
equalize the number of the two types). The mean majority-Black tract is in a district in which
79 percent of the tracts are majority-Black, while the average high-poverty tract is in a district in
which only 53 percent of the tracts are high-poverty.

It is somewhat remarkable that districts consist of such racially similar tracts, potentially raising
concerns that our method is mechanically producing this feature. This would be true if, for example,
all tracts were either all Black or all white, but this is not the case. In fact, our results actually
imply that mixed tracts tend to be in similarly mixed districts. For example, Figure 7 shows that
the district corresponding to the diverse Rogers Park neighborhood in the northeast corner of
Chicago consists almost entirely of tracts with no racial majority. Moreover, the validation in the
previous section also suggests that district boundaries match popular perception and important
spatial barriers—they do not simply group together tracts with similar racial composition.

Next, we consider racial disparities in the neighborhood environment by regressing district-
level economic characteristics on a set of tract-level economic controls, CBSA fixed effects, and
dummy variables for tract racial majority. Table 6 shows that majority-Black tracts are located
in districts with 6.7 percentage points higher poverty than economically similar majority-white
tracts in the same CBSA. This is a large difference, as the mean district poverty rate is 15 percent.
Similarly, district income and college share are 20 percent and 4 percentage points lower in the same
comparison, suggesting that tract-level estimates understate true racial disparities in neighborhood
quality (Reardon et al. 2015; Bayer et al. 2021; Aliprantis et al. 2022).

The importance of this broader resolution of segregation and neighborhood inequality depends
on how much the district environment affects individual outcomes and quality of life. Estimating this
causal relationship is beyond the scope of this paper, but Appendix Table A.3 shows some suggestive
correlations between district composition and tract home values and intergenerational mobility.

Tracts that are surrounded by much poorer districts (defined as the top quartile of difference) have
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2.4 percent lower home values than tracts in the same county with similar characteristics, and they
also have substantially lower mobility rates. In addition, adding district fixed effects explains about
a third of the variation that is unaccounted for in a “kitchen sink" specification that uses only

tract-level information.8

5.2 Models of Neighborhood Sorting

This broader resolution of sorting suggests that models of neighborhood choice and change (i.e.,
studies of the causes of segregation) could benefit from incorporating mechanisms that operate at a
higher aggregation than the tract. Districts could help researchers do this in several ways.

Much of the literature on neighborhood change follows one of the two models developed
in Schelling (1971). First, in the “bounded neighborhood model," agents care only about the
composition of a well-defined neighborhood (e.g., Card et al. 2008). Districts provide a way to
apply this approach to larger units, which may be helpful in the presence of spillovers across tracts.
For example, evaluations of neighborhood revitalization policies have found effects on tracts that
border the targeted area (Hanson and Rohlin 2013; Ziff 2025). Second, in the “spatial proximity
model," each agent cares about the households within a given radius of their dwelling. This allows
for more interesting spatial dynamics, and recent work has taken related approaches to shed light
on the spread of majority-Black neighborhoods during the Great Migration (Davis et al. 2025) and
gentrification (Guerrieri et al. 2013). Districts could be used to incorporate barriers that limit the
influence a tract has on its neighbor. For example, perhaps a person cares about neighbors within
half a mile, but not when they are on the other side of a river or in a different town.

Districts could also be useful for micro-founded models of neighborhood choice. First, the level
of aggregation at which a searcher perceives the neighborhoods in a city is unknown. In a large city,
it is unlikely that the searcher knows detailed characteristics of each tract (Ferreira and Wong 2020).
Districts could be used to capture either a coarser conceptualization of a city or a multi-step search
process. Second, the amenities at a location are likely not fully captured by information about its

tract. Recent work has instead constructed amenities based on transit time to actual establishments

18 There is limited prior work on the neighborhood scale that determines amenities or economic opportunity. Chetty
et al. (2025) find that the correlation between a tract’s intergenerational mobility and poverty in nearby tracts is
small relative to the correlation with the index tract’s poverty. Billings et al. (2022) find that hyper-local versus larger
neighborhood areas affect different individual outcomes. Kiel and Zabel (2008) show that characteristics of the CBSA,
town, and street all affect home prices.
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(Su 2022; Cook 2025). Districts could be used to estimate amenities when establishment data is
not available or for amenities that are not best measured by distance to points in space. Relatedly,
the watershed that determines the level of endogenous amenities is likely larger than the tract. For
example, Almagro and Dominguez-Iino (2025) models amenities as endogenous to a broader area

and Schonholzer (2023) shows that consumers highly value municipally produced public goods.

6 Application: Spatial Aggregation and the Opportunity Atlas

6.1 Overview and Some Example Uses

It is often necessary to use a neighborhood geography as the unit of analysis or to aggregate individual
data to a higher level. Census tracts are by far the most common choice for these purposes, but
their small size can create noisy estimates and other problems. Districts may provide a useful
alternative—since they are about nine times larger, they will reduce dimensionality commensurately
and shrink standard errors by roughly a factor of three. These improvements could come at the
cost of accuracy, but the tradeoff may be worth it in many cases.

One set of examples come from common survey data uses. The Census Bureau does not release
one-year ACS tract aggregates (e.g., median income) due to both statistical noise and disclosure risk
concerns. District aggregates would mitigate these concerns, potentially providing timely estimates
that would be useful in both research and programs that rely on regularly updated small-area
statistics (e.g., HUD’s small-area fair market rents pilot). Similarly, district identifiers could be
included in survey microdata when tract identifiers pose too high of a disclosure risk.

A district aggregation could also improve the precision of model-generated tract-level estimates,
such as repeat-sale measures of housing price appreciation (Bogin et al. 2019; Contat and Larson
2024) or housing supply elasticities (Baum-Snow and Han 2024). Models that use tracts as inputs
could also benefit from the district geography. Neighborhood choice models can be computationally
intensive and sometimes aggregate tracts to somewhat arbitrary “super tracts" or PUMASs to reduce
dimensionality (Bayer et al. 2016; Calder-Wang 2021). They could instead pull districts off the shelf.
Quantitative spatial models take tract-tract commuting flows as an input, which creates granularity

problems due to the sparsity of the commuting matrix (Dingel and Tintelnot 2020). Using districts
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as the unit of analysis could solve this problem without the need for sophisticated adjustments.'®

6.2 Aggregating the Opportunity Atlas to the District Level

To illustrate these benefits concretely, we aggregate the Opportunity Atlas’s tract-level measures of
intergenerational mobility (Chetty et al. 2025) to the district level. These estimates are publicly
available and widely influential, and follow-up work developed programs that aimed to help housing
voucher holders move to high mobility tracts in King County, Washington (Bergman et al. 2024).
However, the mobility estimates also have large standard errors that make statistical inference
difficult, particularly when making ranking-style comparisons among many tracts. For example,
Mogstad et al. (2024) show that 93 percent of tracts in King County include both a top-five-percent
and bottom-five-percent rank in the 95-percent confidence set on their ranking.

We aggregate the tract-level mobility estimates and their standard errors to the district level
using simple population-weighted averages.?? We focus on estimates of the average adult income
percentile rank of children born to parents at the 25th income percentile. A number of results are
summarized in Table 7. First, as expected, district aggregation greatly increases precision—the
average standard error on the district estimate is 0.67 percentile point, versus 2.1 for the average
tract estimate. This reduction is large enough to significantly improve the ability to rank subareas
of a city. Appendix Figure A.12 plots 95 percent confidence sets around the mobility ranking of
each of the 36 districts in King County, calculated following Mogstad et al. (2024). No confidence
sets include both the top- and bottom-5 percent, and none of the bottom tercile of districts include
a top-ten ranking in their confidence set.

The improvement in precision does not appear to come at the cost of significant aggregation
bias. District fixed effects explain 83 percent of signal variance in the tract mobility metrics. This
suggests most differences are across districts rather than within them, so district aggregates are

unlikely to seriously misrepresent conditions in their subareas. Is the remaining within-district

YFor example, Dingel and Tintelnot (2020) show that only 15 percent of the 4.6 million possible tract-tract
combinations in New York City contain at least one commuter in the 2010 LODES data, and more than half of that
15 percent contain only one commuter. In contrast, there are only 29,929 possible district-district combinations, and
98.3 percent contain at least one commuter (with over 91.5 percent of those containing three or more commuters).

20The original estimates are based on a parametric model, so this aggregation is an approximation. We test its
validity by aggregating tract estimates to the county level using our method and comparing them to the county
estimates in Chetty et al. (2025). The correlation between estimates is 0.973, and the correlation between standard
error estimates is 0.981.
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variance informative, or is it mostly noise? We evaluate this question by comparing the accuracy of
predictions based on the two aggregations in a hold-out sample: tract mobility estimates calculated
using the 1985-1989 birth cohorts (versus the 1980-1984 cohorts used in the baseline Opportunity
Atlas estimates). We predict each tract’s mobility in this alternative sample as (1) the tract’s
baseline mobility estimate and (2) the average baseline mobility estimate in the tract’s district. The
Mean Absolute Prediction Error (MAPE) in the hold-out sample is 7.8 percent for the baseline
tract estimate, versus 7.2 percent for the tract’s baseline district average. This suggests that the
within-district variation is not a reflection of persistent local factors that strongly influence mobility.
In fact, districts may even address overfitting problems, particularly for estimates based on smaller
samples. Among Black and Hispanic children, the baseline district estimate generates MAPEs of
10.9 and 10.8 percent, respectively, while the baseline tract estimate produces a MAPE of 14.8
percent for both subgroups.

Overall, these exercises suggest that district aggregations of the Opportunity Atlas improve
precision at little cost of accuracy. The results also illustrate how a new geography might improve
our understanding of neighborhood effects. While a full investigation is beyond the scope of this
paper, our findings suggest that within-district differences in the determinants of intergenerational
mobility are small relative to the noise in the data. This could be because factors that vary at a
broader level (e.g., school districts, job accessibility, broad social networks) are more important than
hyper-local factors (e.g., next-door neighbors). Alternatively, it may be that hyper-local factors are

either quite similar within districts or liable to change over short time periods.

7 Conclusion

We develop a new neighborhood geography using revealed preference. To make our "districts" as
easy as possible to use, we construct them as discrete combinations of census tracts that are nested
within counties, filling a large gap in the existing set of U.S. substate geographies. Our methodology
can easily be implemented in other settings with granular migration data, including many countries’
national statistical systems and linked historical complete count censuses in the U.S.. While we do
not claim that districts are strictly better than census tracts or other neighborhood geographies,

they have a number of attractive features and offer advantages in many applications.
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Our results also point to several areas for further research. First, the extent of racial and
economic clustering within districts strongly suggests that many local attributes (or perceptions of
attributes) are determined at a larger scale than the tract. Examining the relationship between
specific neighborhood features and local demographic composition at different scales could help
open up the black boxes of neighborhood effects and endogenous amenity production. Second, the
importance of physical barriers in defining neighborhoods is striking. Do these barriers represent
equilibrium focal points or true breakpoints in neighborhood attributes? How do they influence
neighborhood sorting over long time periods, and how could they be incorporated into spatial models
of neighborhood change? Finally, people may perceive neighborhoods at relatively broad scales or
make location decisions based on coarse mental maps. How might this affect common models of
neighborhood choice or neighborhood equilibrium concepts? These questions represent only the
starting point of what we might learn from increased curiosity about neighborhood definition and

scale.
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Figure 1: Example Districts
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Note: This figure provides illustrative examples of the district neighborhood concept. The district of interest is
highlighted in pink, and the tracts that compose it are outlined in black.

The upper two examples are cases where district boundaries reflect popular perceptions of neighborhoods within
cities. Panel A shows a district that aligns closely with the McKinley Park neighborhood on the southwest side of
Chicago. Its population is about 16,000, and its borders are formed by a combination of industrial areas, waterways,
and railroad tracks. The district in Panel B matches popular perceptions of the West Village neighborhood in lower
Manhattan (population 35,000), whose borders are formed by large streets and the Hudson River.

In the lower examples, districts align with important municipal boundaries. Panel C shows a district that coincides
nearly exactly with the town of Dedham, Massachussetts (population 25,000), and Panel D shows a district that is
equivalent to Lower Merion Township, Pennsylvania (population 65,000).

Sources: District boundaries and U.S. Census TIGER/Line Shapefiles. Basemap by Esri via Leaflet.
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Figure 2: Share of Within-County Departures to Closest Neighbors and Strongest Connections
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Note: This figure shows the share of the average census tract’s out-migrants who move to each of the tract’s 50
nearest neighbors and the tract’s 50 strongest migration connections. The migration connection strength between two
tracts is defined in the same way as in the district estimation algorithm. We restrict to tract pairs that are in the
same county, and we include only tracts in counties that have at least 75 tracts and are in a CBSA with population
over 250,000.

Sources: Authors’ calculations using EIF data.

33



Figure 3: District Boundaries in the City of Chicago
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Note: This figure shows district boundaries for the city of Chicago. Thick lines represent district boundaries, while
thin lines show census tracts. Tracts with black fill have population below 500 and are not assigned to a district.

Sources: District boundaries and U.S. Census TIGER/Line Shapefiles.
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Figure 4: District Boundaries in Chicago CBSA
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Note: This figure shows district boundaries in the Chicago CBSA. Thick lines represent district boundaries, while
thin lines show census tracts. Tracts with black fill have population below 500 and are not assigned to a district.

Sources: District boundaries and U.S. Census TIGER/Line Shapefiles.

35



Figure 5: Tract Migration Connectivity Versus Distance, Within and Across Districts
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Note: This figure shows the average migration connectivity rank between a tract and its 25 nearest neighbors,
stratified by whether the neighboring tract is in the same district as the index tract. For example, the leftmost dot of
the lower line shows that when a tract’s closest neighbor is in the same district, it is the index tract’s fourth-strongest
migration connection on average. The leftmost dot of the upper line shows that when the closest neighbor is instead a
different district, it is the 30th strongest connection. The migration connection strength between two tracts is defined
in the same way as in the district estimation algorithm. We restrict to tract pairs that are in the same county, and we
include only tracts in counties that have at least 75 tracts and are in a CBSA with population over 250,000.

Sources: Authors’ calculations using district boundaries and EIF data.
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Figure 6: Physical Barriers and District Boundaries in Chicago
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Note: This figure plots Chicago districts against interstate highways (left panel) and major railroad lines (right panel,
Chicago Transit Authority lines excluded). Tracts with black fill have population below 500 and are not assigned to a
district.

Sources: District boundaries, City of Chicago Data Portal Railroads and Major Streets shapefiles.
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Figure 7: Tract Racial Majority versus District and Zip Code Boundaries
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Note: This figure overlays the boundaries of districts (left panel) and Zip Code Tabulation Areas (right panel) on a
map of tract racial majorities in Chicago. Tracts with black fill have been dropped from the district algorithm because

their population is below 500.

Sources: District boundaries and 2010 decennial census populations as compiled in the LTDB.
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Table 2: District Size Distribution

P10 P25 Median P75 P90 Mean N

Full sample

Population 20,000 27,400 38,500 53,500 69,800 42,300 4,762
Tract count 5 6 9 12 16 9.7 4,762
Land area (sq. miles) 3.1 6.9 16.8 56.1 1972 86.7 4,762

Top quartile town pop. density

Population 21,100 29,100 40,800 56,100 73,400 44,400 1,149
Tract count 6 7 10 14 18 11.2 1,149
Land area (sq. miles) 1.0 2.2 4.3 7.7 13.4 7.2 1,149

Lower quartiles town pop. density

Population 19,700 27,400 38,500 53,500 69,800 42,300 3,613
Tract count 5 6 9 12 16 9.7 3,613
Land area (sq. miles) 3.1 6.9 16.8 56.1 197.2 86.7 3,613

Note: This table shows the distribution of three measures of district size. In the bottom two panels, districts are
separated according to the population density quartile of their census place. If a district spans multiple census places,
it classified according to the densest.

Sources: Authors’ calculations using district boundaries, tract land areas from U.S. Census TIGER/Line Shapefiles,
and 2010 decennial census populations and Census Place designations as compiled in the LTDB.
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Table 3: Alignment Between District Borders, Physical Barriers, and Administrative Boundaries

Type of adjacent tract pair Share that contain district border Obs.
All tract pairs

Not separated by highway 0.301 105,800

Separated by highway 0.483 8,000
Low pop. density

Not separated by highway 0.247 53,200

Separated by highway 0.326 3,900
High pop. density

Not separated by highway 0.356 52,500

Separated by highway 0.634 4,100
Tracts in same town 0.253 79,600
Tracts in different towns 0.562 24,800
Tracts in same school district 0.275 102,900
Tracts in different school districts 0.676 10,900

Same school district

Tracts in same town 0.223 65,900

Tracts in different towns 0.481 15,700
Different school districts

Tracts in same town 0.410 1,300

Tracts in different towns 0.737 4,800

Note: This table shows the alignment between district borders, municipal borders, school district borders, and
interstate highways. An observation is a pair of adjacent census tracts, and, because districts are estimated within
counties, only tract pairs within the same county are included. We define highways as limited-access interstate
highways or state-managed roads with ramps and interchanges. We say that a tract border aligns with a highway if
at least 50 percent of the border (drawn at a 20-foot width), is covered by highway (drawn at a 60-foot width per
Department of Transportation design standards for interstate highways). We define a tract pair as high-density if
the densest district with which it intersects is above the median district density. We define a pair of tracts as in the
same town if they are both classified into the same Census Place, and we include only pairs in which both tracts
are part of a Census Place when considering this variable. Finally, we define the alignment of school district and
tract boundaries in a similar way as highways, and we include boundaries between all levels of school districts (i.e.,
elementary, secondary, and unified). Note that the methodology for constructing the highway and school district
indicators cannot be applied to tract pairs that intersect only at a single point, so “queen" tract pairs are excluded
from the sample when considering these variables.

Sources: Authors’ calculations using district boundaries, 2010 decennial census populations and Census Place
designations as compiled in the LTDB, and from U.S. Census: TIGER/Line Shapefiles, 2019 Primary Roads Shapefile,
and 2019 School District Boundary Shapefiles.

41



Table 4: Share of Districts, Zip Codes, and Buffer Regions Containing a Demographic Discontinuity

White share discontinuity Income discontinuity
Tract count Districts ZCTAs Buffers Districts ZCTAs Buffers

4 3.4% 5.9% 10.8% 4.0% 9.2% 11.9%
6 8.5% 11.9%  16.8% 12.4% 171%  17.6%
8 11.7% 20.9%  21.1% 18.3% 26.0%  22.3%
10 13.8% 26.2%  27.0% 23.6% 324%  28.9%
12 21.1% 27.1%  371% 33.5% 37.8%  38.5%

Note: This table shows the likelihood that different spatial aggregations contain a large demographic discontinuity. A
large discontinuity is defined as a pair of adjacent census tracts that are in the top 5 percent of all adjacent tract pairs
in the difference in their white share (left columns) or log median household income (right columns). A buffer region
is a census tract plus all tracts that border it. Units are stratified according to how many census tracts they contain,
with tracts being assigned to the ZCTA that contains the highest percentage of their population.

Sources: Authors’ calculations using district boundaries, U.S. Census TIGER /Line Shapefiles, and demographic
information compiled from the 2010 decennial census (percent white) and 2008-2012 American Community Survey
aggregates (household income) in the LTDB.
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Table 5: R? from Regressions of Tract Characteristics on District Fixed Effects

Percent white Percent Black Percent Hispanic Percent poor Log median income

R? 0.875 0.873 0.887 0.648 0.696
Tract obs. 46,100 46,100 46,100 46,100 46,100

Note: This table shows the amount of variation in tract characteristics that can be explained by district fixed effects.
Each column represents a separate regression with the outcome variable indicated in the heading.

Sources: Authors’ calculations using district boundaries and demographic information compiled from the 2010
decennial census (racial composition) and 2008-2012 American Community Survey aggregates (poverty rate, household
income) in the LTDB.
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Table 6: District Characteristics Versus Tract Racial Majority, Conditional on Tract Characteristics

District poverty Log district income

District college share

1(maj. Black tract) 0.067 -0.202 -0.039
(0.0012) (0.0045) (0.0017)
1(maj. Hispanic tract) 0.045 -0.163 -0.047
(0.0013) (0.0046) (0.0018)
1(other maj. minority tract) 0.023 -0.078 -0.020
(0.00096) (0.0036) (0.0014)
N 46,100 46,100 46,100
R? 0.646 0.714 0.769
Mean dependent variable 0.148 10.96 0.313
CBSA fixed effects Y Y Y
Tract controls Y Y Y

Note: This table shows results from regressing characteristics of the district surrounding a tract (excluding the index
tract itself) on indicator variables for tract racial majority. Each column represents a separate regression with the
outcome indicated in the heading. We control for tract poverty rate, college share, log median income, employment
rate, and owner occupancy rate. All regressions include CBSA fixed effects. The omitted racial majority category is

majority white.

Sources: Authors’ calculations using district boundaries and demographic information compiled from the 2010 decennial
census (racial composition and owner occupancy rate) and 2008-2012 American Community Survey aggregates (all

other variables) in the LTDB.
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Table 7: Aggregating Opportunity Atlas Estimates to District Level

Original tract estimates District aggregation

Mean S.E. (percentiles) 2.08 0.67
Signal variance explained 1 0.827
MAPE (%) in hold-out sample
All children 7.8 7.2
White children 11 9.3
Black children 14.8 10.9
Hispanic children 14.8 10.8

Note: This table shows properties of the district aggregation of the Opportunity Atlas’s tract-level estimates of
intergenerational mobility for children born to parents at the 25th income percentile. We construct district aggregations
of the tract estimates and their standard errors as simple population-weighted averages. The mean S.E. row reports
the mean tract standard error as reported in Chetty et al. (2025) as well as the mean from our district aggregations.
Signal variance explained is computed following Chetty et al. (2025). Mean Absolute Prediction Error (MAPE) in
a hold-out sample is computed in the following way. First, we define the hold-out sample as the 1984-1989 birth
cohorts (versus the 1978-1983 cohort used for the Opportunity Atlas’s baseline estimates). We then predict tract-level
mobility estimates in this hold-out sample (which are provided by the Opportunity Atlas) as either the tract’s mobility
estimate in the baseline sample or the average baseline mobility estimate in the tract’s district. We then calculate
MAPE as the mean absolute percentage deviation between the hold-out sample estimate and the predicted value.

Sources: Authors’ calculations using district boundaries and Opportunity Atlas intergenerational mobility estimates.
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A Online Appendix

A.1 Model Performance Metrics

This section describes the performance metrics used to choose the connection strength metric in the
network representation of the tract-tract transition data. First, we precisely define the subsample
stability and migratory disconnection measures.

Subsample stability. If a district is too small, we expect to see borders in places that are
not actually very important determinants of migration decisions, likely because the algorithm is
overfitting noise in the data. To assess overfitting, we run each specification on three ten-percent
subsamples of the EIF and compute the similarity between the results from each subsample to the
results from running the same specification on the full sample. We operationalize similarity as the
share of adjacent tract pairs that have the same district border status in the subsample and full
sample estimation.

Intra-district disconnection. If a district is too large, it should contain subclusters of tracts
that have distinct migration patterns. For instance, the specification using raw migration counts
generates very large districts, within which individual neighborhoods display identifiable and distinct
migration flows. There is no formal definition of a subcluster, so we develop our own metric by
combining k-nearest neighbor and graph reachability techniques. For every district, we create a
matrix akin to a transition matrix, but that is populated with ones if tract j is among tract i’s five
strongest connections and zeros otherwise. We raise this matrix to the 10th power and say that
a district is disconnected if there is a cell of the exponentiated matrix that is equal to zero. The
intuition is that a zero cell indicates that there is a pair of tracts in the district that cannot be
connected on a ten-step path built with only strong links.

Appendix Table A.4 summarizes the performance of 10 specifications on our performance metrics.
The first four rows represent specifications with the connection weight from Tract A to Tract B set
equal to the raw number of moves, raised to powers from one to four. For example, with exponent
one, this sets the probability that a random walker moves from Tract A to Tract B equal to the
observed share of departures from A who moved to B. Exponent three performs the best of these
specifications, with 77 percent of districts falling in the desired size range and the highest stability
across subsamples. However, all have a wide range of sizes, leading a large share of districts to fall
outside the desired range even when the mean size is on target. This is likely because migration
counts are heavily influenced by tract population and mobility rates, introducing noise that is not
correlated with substitutability.

In the lower rows, we reduce this variance by defining connection strength based on a destination’s
rank among all tracts that receive migrants from the origin. Specifically, we divide the number of
migrants from tract A to tract B by the total number of migrants to B, producing a measure of B’s
popularity among A’s out-migrants that accounts for B’s size. We then rank all of A’s destinations
according to this variable, with one being the highest. Finally, denoting this rank as R, we define

m if Ry < C and 0 otherwise.

A much higher share of districts land in the desired range under parameterizations of this form
than using raw migration counts. Overall, the specification with an exponent X =2 and a cutoff
C =10 performs best, generating 91 percent in the target size range, the best scores on stability
across subsamples, and the second best score on the disconnection metric. We use this as our
primary specification.

connection strength between A and B to
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A.2 Model Robustness

The algorithm is not particularly sensitive to small changes to the specification. Appendix Table
A.5 shows the share of adjacent tract pairs that receive the same classification in the baseline versus
the alternative specification indicated by the column heading. We stratify tract pairs based on the
number of 10 percent subsamples in which they are placed in different districts under the baseline
specification. Agreement across specifications is quite high among pairs that are nearly always or
nearly never borders. Most of the disagreements between specifications occur in the middle of the
subsample border count distribution. These are "fuzzy" borders that have migration connections
that do not clearly indicate whether the tracts are part of the same district. This pattern suggests
that small changes in parameterization will not alter the location of important borders that are true
breaks in the urban landscape or randomly create borders between tracts with strong connections,
but they do lead to some differences.

A.3 Data Appendix

Sample definition details: Both Core-Based Statistical Area and Census tract geographies are
the 2010 vintage. To define the 100 most populous CBSAs and identify low-population tracts, we
use the population totals from the 2010-2014 ACS.

Shape files and crosswalks: We take tract shape files, which are used both for mapping and for
identifying the adjacent tract pairs used frequently in our analysis, from the Census Bureau. A
crosswalk from tracts to zip code tabulation areas is taken from the Department of Housing and
Urban Development, and a crosswalk from tracts to PUMASs is taken from the Census Bureau.

Demographic information: We take all demographic information from the Longitudinal Tract
Database constructed in Logan et al. (2014). This database is constructed using decennial censuses
from 1970 to 2020, supplemented by ACS information in more recent years. All variables are
harmonized to 2010 vintage census tracts. We also use this database to determine the Census Place
that each tract is a part of.

Correcting error in the FSRDC output: We incorrectly applied a crosswalk from 2020 tracts to
2010 tracts within the Federal Statistical Research Data Center and did not realize the error until
after completing the irreversible disclosure process. The error leads 1.2 percent of 2010 vintage
census tracts to not be assigned to a district. We corrected the error to the best of our ability with
the following two steps (all taken outside the FSRDC). First, we identified 2010 vintage tracts that
did not receive a district ID but overlapped with a 2020 vintage tract that also overlaps with a
2010 vintage tract that did receive a district. We assign the 2010 vintage tract that is missing a
district ID to the same district as the other 2010 vintage tract that overlaps with the 2020 vintage
tract. This lowers the error rate to less than 0.1 percent, essentially by accounting for places where
multiple 2010 vintage tracts were merged into a single 2020 vintage tract. Second, we assign the
remaining unmatched tracts to the same district as their most demographically similar bordering
tract. This correction applies to 51 tracts and leaves only 14 unassigned tracts remaining. These
14 tracts were not assigned a district not because of the crosswalk error, but because they are
geographic oddities that create issues with our algorithm, as described below.

Geographic oddities: In the process of creating a geography that covers most of the United
States, we ran into a number of oddities that could form the basis for a rather boring bar trivia
night. One recurring issue is small islands, which are often below our population threshold and have
no adjacent district to be combined with. Four census tracts are literal islands (three surrounded
by ocean waters, one by a Kansas City industrial agglomeration) with population well below our
minimum of 12,000 and no nearby mainland. We classify these tracts as isolated and do not assign
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them to a district. On the other hand, in the Seattle metro, two tracts comprise Vashon Island
and have population just below 12,000—we designate this as its own district. In the New York
City metro, an area of Queens is completely surrounded by water but connected to the rest of the
borough by a short bridge. We classify this with the nearest district in Queens. Another issue is
that some counties are discontiguous. This can create problems given that we require districts to be
both contiguous and contained within a single county. If the discontiguous area is very close to the
remainder of the county, we simply lump it in with the nearest district. If the area is instead far
(e.g., Cohasset in Norfolk County, MA), we leave it as its own district even if slightly below the
population threshold.
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Appendix Figures and Tables

Figure A.1: District Boundaries in Manhattan
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Tracts
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Note: This figure shows district boundaries in Manhattan. Thick lines represent district boundaries, while thin lines
show census tracts. Tracts with black fill have been dropped from the algorithm because their population is below 500.

Sources: District boundaries and U.S. Census TIGER/Line Shapefiles.
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Figure A.2: District Boundaries in Washington, D.C.
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Note: This figure shows district boundaries in Washington, D.C. Thick lines represent district boundaries, while thin
lines show census tracts. Tracts with black fill have population below 500 and are not assigned to a district.

Sources: District boundaries and U.S. Census TIGER/Line Shapefiles.
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Figure A.3: District Boundaries in Houston CBSA
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Note: This figure shows district boundaries in the Houston metropolitan area. Thick lines represent district boundaries,
while thin lines show census tracts. Tracts with black fill have population below 500 and are not assigned to a district.

Sources: District boundaries and U.S. Census TIGER/Line Shapefiles.
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Figure A.4: Chicago Community Areas Versus Districts

H Community Areas
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Note: This figure plots Chicago districts against the city’s Community Areas, a popular unofficial neighborhood
definition that was created by demographers in the 1920s. Community Area boundaries are shown in white in the
foreground, while the district borders are shown in the thicker black lines. Tracts with black fill have population below
500 and are not assigned to a district.

Sources: District boundaries, U.S. Census TIGER/Line Shapefiles, and City of Chicago Data Portal Community
Areas Boundaries shapefile.
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Figure A.5: Manhattan Neighborhood Tabulation Areas vs. Districts

[ ] Districts
W \NTAS

Note: This figure plots New York City’s Neighborhood Tabulation Areas against districts in Manhattan. NTA
boundaries are shown in white in the foreground, while the district borders are shown in the thicker black lines. Tracts
with black fill have population below 500 and are not assigned to a district.

Sources: District boundaries, U.S. Census TIGER/Line Shapefiles, and NYC Open Data 2020 Neighborhood
Tabulation shapefile.
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Figure A.6: Share of Strongest Connections Classified into Same District

Share in Same District
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Note: This figure shows, for each of a tract’s 50 strongest migratory connections, the share that are placed in the
same district as the index tract. The connection strength between two tracts is defined in the same way as in the
district estimation algorithm. We restrict to tract pairs that are in the same county, and we include only tracts in
counties that have at least 75 tracts and are in a CBSA with population over 250,000.

Sources: Authors’ calculations using district boundaries and EIF data.
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Figure A.7: Share of Departures to Strongest Connections in Large Versus Small Districts
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Note: This figure shows the average share of a census tract’s out-migrants who move to each of the tract’s 20 strongest

connections, separately for tracts in districts with fewer than seven and more than 14 tracts. The connection strength
between two tracts is defined in the same way as in the district estimation algorithm. We restrict to tract pairs that
are in the same county, and we include only tracts in counties that have at least 75 tracts and are in a CBSA with
population over 250,000.

Sources: Authors’ calculations using district boundaries and EIF data.

55



Figure A.8: Distribution of Border Frequency Across 10 Bootstrap Samples
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Note: This figure shows the distribution of "border hardness" in the primary district results. We construct the figure
by splitting the EIF data into ten 10 percent subsamples and estimating districts based on each subsample. For each
pair of adjacent tracts in the sample CBSAs, we then calculate the number of bootstrap samples in which a border
was placed between the two tracts. For example, we see that 14 percent of adjacent tract pairs have a border drawn
between them in all 10 bootstrap samples. The figure is created using all CBSAs with population over 250,000 in the
2010-2014 ACS, which includes about 80 CBSAs that are not included in the main results of the paper.

Sources: Authors’ calculations using the EIF, district boundaries, and U.S. Census TIGER/Line Shapefiles.
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Figure A.9: Zip Code Tabulation Areas and Physical Barriers
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Note: This figure plots zip code tabulation areas in Chicago against interstate highways (left panel) and major

railroad lines (right panel, Chicago Transit Authority lines excluded).

Sources: City of Chicago Data Portal Railroads and Major Streets shapefiles, U.S. Census TIGER/Line Shapefiles.
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Figure A.10: Share of Adjacent Tract Pairs Spanning Border Versus White Share Difference
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Note: This figure shows how the probability that a pair of adjacent tracts are part of different districts or ZCTAs
varies with the difference in the two tracts’ racial composition. The x-axis indicates the ventile of difference in the
white share of the tracts in a pair, while the y-axis shows the share of pairs in each ventile that span a district and
ZCTA border.

Sources: Authors’ calculations using district boundaries, U.S. Census TIGER/Line Shapefiles, and demographic
information compiled from the 2010 decennial census in the LTDB.
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Figure A.11: Districts Containing Irregular Tracts

(a) Distric

(b) District 2941 in Minneapolis CBSA

Note: This figure provides examples of several types of irregularly shaped tracts that can lead to odd district shapes.
The district of interest is highlighted in pink, and the tracts that compose it are outlined in black.

In Panel A, District 815 approximates the West Town neighborhood in Chicago. The easternmost tract in the district
largely consists of an interstate highway, a major rail viaduct, and an industrial area. This tract is quite large because
of its low population density, and it prevents the district from matching popular perception. In Panel B, District
2941 consists of roughly the Whittier neighborhood of Minneapolis. The western boundary of the district is generally
formed by Lyndale Avenue, which also forms the western boundary for a north-south column of tracts. However, one
tract extends west beyond Lyndale, leading the district to have a zigzag in its western boundary.

In Panel C, District 3846 consists of exactly Springfield Township in Montgomery County, Pennsylvania. The township
contains a long and narrow extension to the southeast, which was incorporated into a single similarly oddly shaped
tract. In Panel D, District 3928 includes much of the University City neighborhood of Philadelphia. However, over
half of its surface area consists of a single large tract that contains a small amount of housing and a large park, leading
the district’s overall shape to differ significantly from what locals would consider University City.

Sources: District boundaries and U.S. Census TIGER/Line Shapefiles. Basemap by Esri via Leaflet.
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Figure A.12: Confidence Sets on Ranking of King County District Intergenerational Mobility
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Note: This figure shows 95 percent simultaneous confidence sets on the ranking of intergenerational mobility in
districts in King County, WA. Each horizontal line represents a separate district, with the diamond marker representing
the rank of the district’s mobility point estimate and the bar representing the confidence set on that rank. We
construct district-level mobility estimates as simple aggregations of the tract estimates and their standard errors,
using mobility estimates for children born to parents at the 25th income percentile. Confidence sets are constructed
using the R package provided in the supplemental material of Mogstad et al. (2024).

Sources: Authors’ calculations using district boundaries and Opportunity Atlas intergenerational mobility estimates.
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Table A.1: Share of Moves Accounted for by Demographic Subgroups

Subgroup Share of Moves
Renter 0.6435
Owner-occupant 0.3565
White 0.5003
Black 0.2039
Hispanic 0.1123
Other Race 0.1835
Age 0-18 0.3243
Age 19-29 0.2603
Age 3065 0.3667
Age 66+ 0.0486
Children in house 0.6293

Note: This table shows the share of moves from 2010 to 2011 that were accounted for by different subgroups of people.
A person’s subgroup is determined based on their response to the 2010 decennial census, and migration is determined
using the 2010 and 2011 EIFs.

Sources: Authors’ calculations using 2010 decennial census, 2010 and 2011 EIF.
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Table A.2: Migration Connectivity and Distance
Panel A: Connection distribution of bordering (not bordering) tracts
Share in connection rank bin
1-10  11-20 21-50 Over 51
Bordering Tract 0.8163 0.1122 0.0543 0.0172
Not Bordering Tract 0.0229 0.0372 0.1176 0.8224

Panel B: Distance distribution of strong (weak) migration connections
Share in distance rank bin
1-10 11-20 21-50 Over 51
Top 10 Migration Connection 0.6042 0.2005 0.1341 0.0612
Weaker Migration Connection 0.0163 0.0325 0.1162 0.8350

Note: This table provides some information on the relationship between migratory connectivity and spatial proximity.
The first row of Panel A shows the share of tracts bordering the index tract that fall into four bins of connectivity
with the index tract, and the second row shows the same for tracts in the same county that do not border the index
tract. The first row of Panel B shows the share of the top 10 migration connections of the index tract that fall into
four bins of distance from the index tract, and the second row shows the same for the index tract’s other connections.
We restrict to tract pairs that are in the same county, and we include only tracts in counties that have at least 75
tracts and are in a CBSA with population over 250,000.

Sources: Author’s calculations using EIF and U.S. Census TIGER/Line Shapefiles.
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Table A.3: Tract Home Values and Intergenerational Mobility Versus District Characteristics

DV: Log(Home Value) DV: OA Mobility
(1) (2) 3) (4) () (6)

1(Top quartile of -0.024 -0.011
[distr pov - tract pov]) (0.004) (0.001)
Tract share Black -0.121  -0.120  0.007 -0.112 -0.112 -0.091
(0.023) (0.023) (0.031) (0.003) (0.003) (0.004)
Tract share white 0.117 0.108 0.187 0.013 0.009 0.034
(0.022) (0.022) (0.025) (0.003) (0.003) (0.004)
Log tract income -1.339 -1.324  -1.947 -0.127 -0.119 -0.130
(0.212) (0.212) (0.190) (0.029) (0.029) (0.030)
(Log tract income)? 0.076  0.075  0.105  0.007  0.006  0.007
(0.010) (0.010) (0.009) (0.001) (0.001) (0.001)
Tract college share 1.129 1.129 0.922 0.051 0.051 0.066
(0.023) (0.023) (0.025) (0.004) (0.004) (0.004)
Tract unemp. share -0.540 -0.538 -0.279 -0.012 -0.012 -0.019
(0.054) (0.054) (0.045) (0.006) (0.006) (0.005)
R? 0.846 0.846 0.898 0.667 0.670 0.772
Observations 45,600 45,600 45,600 45,600 45,600 45,600
Tract poverty spline Y Y Y Y Y Y
County fixed effects Y Y Y Y Y Y
District fixed effects N N Y N N Y

Note: This table shows results from regressing the log of tract median home value (left three columns) or expected
adult income of children of parents at the 25th percentile of income (right three columns) on different combinations of
tract and district characteristics. Each column represents a separate regression. Columns one and four provide a
baseline that uses only tract-level information. In columns two and five, we add an indicator for whether a tract is in
the top quartile of the difference between the tract’s poverty rate and the mean poverty rate among the other tracts
in its district. Columns three and six instead show much variation can be explained by adding district fixed effects.
The tract poverty spline consists of bins 5 percentage points wide, top-coded at 40 percent.

Sources: Authors’ calculations using district boundaries, intergenerational mobility estimates from Chetty et al.
(2025), and demographic information compiled from the 2010 decennial census (racial composition) and 2008-2012
American Community Survey aggregates (all other variables) in the LTDB.
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Table A.5: Border Agreement Across Specifications
Bootstrap Inv. Rank  2000s Public Inv. Rank Inv. Rank  Inv. Rank
Border Count X=1, C=10 Moves Release X=2, C=15 X=1,C=15 X=3, C=5

0 0.9883 0.9549  0.9755 0.9864 0.9673 0.9326
1 0.9020 0.8306  0.9193 0.8917 0.8694 0.8078
2 0.8055 0.7075  0.8619 0.7742 0.8061 0.7597
3 0.7014 0.6505 0.8177 0.6505 0.7645 0.7404
4 0.6145 0.5756  0.7938 0.5360 0.7471 0.7462
5 0.5590 0.5918 0.8077 0.4369 0.7430 0.7740
6 0.5768 0.6016  0.8257 0.4510 0.7411 0.7998
7 0.6224 0.6798  0.8469 0.4799 0.8139 0.8429
8 0.7165 0.7427  0.8936 0.5321 0.8701 0.8791
9 0.7977 0.8351 0.9517 0.6315 0.9363 0.9280
10 0.9309 0.9515 0.9893 0.8093 0.9885 0.9841

Note: This table shows, for a number of alternative specifications, the share of adjacent tract pairs that have the
same district border status in the primary specification and the alternative indicated in the column heading. The
rows report this agreement within levels of “border hardness," defined as the number of bootstrap samples in which a
border was placed between the two tracts in the pair (under the primary specification). For example, the top left cell
shows that among tract pairs that were never assigned a district border in any bootstrap samples, 98.8 percent have
the same district border status in the baseline primary specification and in an estimation where the exponent X is
set to one and the cutoff C is set to 10. See Section A.1 of the online appendix for details on the alternative model
specifications referenced in each column. The 2000s Moves column refers to districts estimated on moves between
2000 and 2009, while the Public Release column refers to the districts estimated using noise-infused migration flows
(the version that we publicly release). The table is created using districts in all CBSAs with population over 250,000,
which includes about 80 CBSAs that are not included in the main results of the paper.

Sources: Authors’ calculations using EIF, U.S. Census TIGER/Line Shapefiles, population from 2010-2014 ACS.
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