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Abstract

We study how the spatial distribution of income and commuting patterns within

cities vary across the development spectrum, drawing on new granular data from 50,000

neighborhoods in 121 cities across developed and developing countries. We document that

in developing countries, poorer urban households are significantly more likely to live far

from city centers, in hilly terrain, and near rivers. These patterns are absent or reversed in

developed cities. Commuting shares decline more sharply with distance in less developed

countries, indicating higher commuting costs that exacerbate spatial inequality in job access.

Job-access measures are considerably worse for the urban poor than for the urban rich

in developing countries, while the opposite is true in developed countries. We interpret

these findings in a quantitative urban model and show that a parsimonious set of factors—

nonhomothetic preferences over amenities, commuting costs, and the spatial concentration

of jobs—helps explain most of the cross-country patterns we document.
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1. Introduction

More than half of the world’s population now live in cities. Most of these urbanites—an estimated

3.7 billion people—reside in less developed nations, in crowded metropolises such as Dhaka or

Dar es Salaam (United Nations, 2022). For some people, cities serve as the pathway out of poverty,

providing reliable access to earning opportunities (Busso, Carrillo, and Chauvin, 2023). Yet many

others are stuck in slums, where jobs are few and far away (Marx, Stoker, and Suri, 2013).

A growing literature on the urban economics of low- and middle-income countries has sought to

better understand how cities can foster job opportunities for wide swaths of the urban population

and not just a select few. However, this research has typically focused on individual cities in the

developing world, studying the distributional implications of specific policy changes (see Bryan,

Glaeser, and Tsivanidis, 2020; Bryan, Frye, and Morten, 2025, and the references therein). The

literature still lacks a comprehensive picture of how cities vary across the development spectrum

and how economic development shapes the lives of the urban poor relative to the urban rich.

This paper contributes by building and analyzing a new dataset with granular information on

income and commuting from 50,000 neighborhoods in 121 cities of all levels of income per capita.

Our primary data sources for developing countries are microdata from travel surveys conducted

by the Japan International Cooperation Agency (JICA), which they collect as part of urban

transportation projects in partner countries. These microdata provide detailed information about

urban households, reporting each respondent’s residential and workplace locations alongside

demographic, employment, and income information. We manually harmonize these surveys

across dozens of heterogeneous questionnaires, and we georeference the survey zones to merge

with various neighborhoods’ geographic features, such as the locations of city centers, hilly

terrain, rivers, built-up areas, and bilateral travel distances. The resulting harmonized dataset

covers roughly 1.6 million urban households across 25 cities in developing countries. We further

integrate these data with fine-grained administrative census sources for selected developed and

developing countries, yielding a globally harmonized dataset covering 121 cities, spanning major

metropolitan areas in Asia and Africa, middle-income megacities such as Lima and São Paulo,

and the world’s largest developed cities, including Los Angeles, London, Paris, and Tokyo.

Using this database, we document prominent ways in which residential income distributions

and commuting patterns within cities vary across the development spectrum. First, we show

that in less developed cities, average household income declines steadily with distance from city

centers. On average, incomes fall from around the 65th percentile of the city income distribution

at the center to the 40th percentile in neighborhoods 20 kilometers from the center. This pattern

is present among Latin American, African, and Asian cities. In developed cities, by contrast,
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income gradients are generally flat (in Western Europe) or increasing with distance from the city

center (in the United States). Our focus on distance to the city center is motivated by the long

tradition in urban economics positing that more central locations have a higher concentration of

jobs (e.g. Alonso, 1964). In simple terms, our first fact states that, on average, poorer city dwellers

in less developed economies are farther from employment centers than richer ones.

Second, we examine how neighborhood incomes vary with natural amenities. We focus on

proximity to hilly terrain and waterways—features of the landscape that are desired by many

urban residents in developed countries (Lee and Lin, 2018). We find that in less developed cities,

average incomes are significantly lower in hilly neighborhoods and near rivers. In developed

cities, household incomes are either unrelated to these geographic features on average (inWestern

Europe) or even higher in hilly areas and near riverfronts (in the United States). This contrast

underscores how natural amenities play different roles in less developed and developed cities.

Incomplete urban transportation and residential infrastructure in less developed countries likely

contributes to this pattern, an issue we return to below.

We next examine patterns of commuting and job access, and how they relate to the spatial

distribution of residential income noted earlier. We estimate commuting-gravity equations for

each city, measuring the decay of commuting shares across neighborhoods over bilateral distance,

while controlling for residential and workplace fixed effects. We find that, in less developed

cities, the share of commuters declines more rapidly with distance. In the United States, the

semielasticity of commuting with respect to road distance is approximately 0.1, implying that

an additional kilometer reduces commuting by 10%, holding workplace attractiveness constant.

In Western Europe and Japan, the semielasticities are around 0.2, roughly twice those in the

United States, potentially reflecting differences in reliance on public transit versus private cars.

In developing countries, the average semielasticity rises to 0.35, with a large variation across

cities.

We also find that the estimated commuting semielasticities are strongly correlated with

road traffic speeds measured using the Google Maps API (Akbar, Couture, Duranton, and

Storeygard, 2023a,b). Therefore, slower traffic speeds in less developed cities—partly reflecting

weaker transportation infrastructure—are indeed associated with shorter effective commuting

distances. However, the estimated regression slope of log semielasticities on the log speed

index significantly exceeds one in absolute value, indicating that differences in traffic speed

alone cannot account for the observed variation. This suggests that additional factors, such as

differences in available transportation modes, likely contribute to higher commuting costs in

slower, less developed cities.

The higher commuting semielasticity in less developed cities suggests that neighborhoods differ
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markedly in terms of job access within those cities. To explore this point further, we construct

a proxy for job access as the distance-discounted sum of workplace fixed effects (Tsivanidis,

2025) and examine its relationship with residential income. In less developed cities, job access is

monotonically increasing in neighborhood income. In other words, poorer residents tend to live

in neighborhoods with worse job access. This mirrors our earlier finding that in less developed

cities, neighborhoods located away from the city center or near hills and rivers—often remote

from employment hubs—tend to be poorer. The incomes increase from around the 35th percentile

of the city income in the neighborhoods with the lowest job access to the 60th percentile in those

with the highest job access. By contrast, in developed cities, in both the United States andWestern

Europe, the relationship is opposite: It falls from the 65th percentile to around the 40th percentile.

What drives these differences in the spatial distribution of job access? Two mechanisms

play central roles. First, in less developed cities, where commuting costs are higher, distance

from employment centers more sharply reduces job access. Second, the spatial distribution

of job opportunities—captured by the workplace fixed effects—differs systematically across

development levels. We find that in less developed cities, these fixed effects are disproportionately

higher in urban cores, reflecting stronger centralization of employment opportunities relative to

developed cities.

Taken together, our facts point to markedly different spatial patterns of income distribution and

commuting among poor and rich residents across cities throughout the development spectrum.

Why do these differences arise? To answer this question, we turn to a quantitative urban

model in which ex ante heterogeneous households with varying earning potentials choose

residential locations by trading off job access, housing costs, and neighborhood amenities. We

incorporate nonhomothetic preferences for housing and amenities, which imply that the relative

importance of these factors evolves with income. In particular, nonhomotheticity in amenities

makes equilibrium income sorting patterns depend on a city’s overall income level. In cities

with low average incomes, the primary consideration of households is access to jobs, even for

relatively richer households. As income rises, they start to place a higher value on neighborhood

amenities (if an amenity is a “luxury good”). Beyond thismechanism, commuting costs and spatial

distribution in productivity, amenities, and housing supply further shape equilibrium residential

and commuting patterns.

Our model highlights four potential explanations for the contrasting spatial income distribution

between developed and less developed cities. The first is nonhomothetic preference for amenities,

with richer households placing greater value on features such as open space in the suburbs, scenic

hills, or waterfront views. Second, commuting costs tend to be higher in less developed countries,

due in particular to weaker transportation infrastructure and lower rates of private car ownership
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(Akbar et al., 2023a,b; Tsivanidis, 2025). Third, jobs may be more centralized in developing cities,

which we model as a steeper decline in workplace productivity with distance from the city center

(Baum-Snow, 2020; Davis and Dingel, 2020). Finally, residential amenity value may fall faster

away from the city center and in hills and near rivers in less developed cities. This could capture

a decline in the supply of residential infrastructure, such as sewage and embankments, or a lack

of security and property rights (Harari, 2024; Gertler, Gonzalez-Navarro, Undurraga, and Urrego,

2025; McCulloch, Schaelling, Turner, and Kitagawa, 2025).
1

How important is each channel quantitatively? We answer this question in three steps. First,

we calibrate the model to match commuting and residential income patterns in U.S. cities.

Here, we also estimate preferences for amenities and the degree of nonhomotheticity to target

observed income sorting across neighborhoods with different housing costs, amenities, and

job access. Second, we identify differences in overall productivity, commuting costs, and the

spatial distribution of productivity between the United States and less developed cities, using the

commuting-gravity equations estimated earlier. Third, starting from the U.S.-calibrated model,

we counterfactually offset these three differences, with each counterfactual corresponding to

one of the first three hypotheses laid out above. Since we lack direct data on neighborhood-level

amenities and their valuations, we treat the final hypothesis—differences in amenity gradients

across development levels—as a residual explanation.

We find that when lowering overall city productivity, the residential income premiums in

suburban areas and areas with natural amenities decline substantially and approach zero.

Increasing the commuting costs and changing the productivity concentration further reduce the

income premiums and turn them negative, though these effects are smaller in magnitude than

those of lowering income alone. Together, these three forces account for 80% of the observed

income premium gaps in suburban, hilly, and river neighborhoods between U.S. cities and less

developed cities.

While these three forces jointly explain much of the observed gap in spatial income distributions,

some residual variation remains. These unexplained patterns likely reflect differences in amenity

gradients within cities by development status. Central areas could have greater police protection

than neighborhoods on the outskirts of town, or better provision of plumbing, electricity,

and residential infrastructure (Harari, 2024). The same could be true of hilly areas, where

infrastructure is more expensive to provide, and rivers in less developed cities are almost surely

dirtier than their counterparts in richer countries (McCulloch et al., 2025). We leave the task of

1
In the United States, Glaeser, Kahn, and Rappaport (2008) and Su (2022) argue that higher commuting costs

faced by lower-income households without car ownership lead them to sort into central urban areas. We argue

that this mechanism cannot account for the disparity between developed and less developed cities, as lower-income

workers in less developed cities face even higher commuting cost penalties (Section 6.3).
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unpacking these residual variations to future work.

Understanding spatial patterns of income distribution and commuting is crucial for designing

e�ective urban policies. The contrasting spatial income distributions between developed and

less developed cities imply that place-based interventions�such as transportation investments

or residential infrastructure improvements�can have markedly di�erent, and even opposite,

distributional e�ects across income groups in these two contexts. Furthermore, our analysis

suggests that even citywide productivity-enhancing policies may yield unequal welfare e�ects.

As citywide income levels rise, richer households tend to relocate from dense urban cores to

suburban neighborhoods with higher amenities. This relocation alleviates rent pressures in

central areas, bene�ting poorer residents in the urban core.

Our paper contributes to a growing body of work studying how cities di�er across the

development spectrum. Most cross-country comparisons of urban economic activity either rely

on city-level aggregate indicators (Chauvin, Glaeser, Ma, and Tobio, 2017; Jedwab, Loungani,

and Yezer, 2021; Lebrand and Kleineberg, 2024) or examine aggregate spatial statistics, such as

population density gradients (Henderson and Turner, 2020), building density gradients (Ahlfeldt,

Baum-Snow, and Jedwab, 2023; Rosenthal-Kay, 2024), or average road speeds (Akbar et al.,

2023a,b). Much has been learned as well from detailed analyses of individual cities in developing

countries.2 Our study is closely related to those focused on cross-city comparisons of internal city

structure in developing countries, such as Harari (2024) and Adukia, Asher, Jha, Novosad, and Tan

(2025), who study income segregation and public access and public goods provision within Brazil

and India, respectively, and Dingel, Miscio, and Davis (2021) who use data from Brazil and China

to show that residents living closer to city centers are more skilled on average. We contribute to

this literature by building and analyzing granular information on income and commuting from

50,000 neighborhoods in 121 cities across 26 countries, covering a wide range of income levels.

We also contribute to the empirical and theoretical literature on the spatial distribution of income

within cities. Traditionally, this literature has predominantly focused on U.S. cities and has sought

to explain U.S. patterns using nonhomotheticities in demand for housing or land (Alonso, 1964;

Becker, 1965; Margo, 1992; Hoelzlein, 2023; Couture, Gaubert, Handbury, and Hurst, 2024; Finlay

and Williams, 2025), transportation infrastructure (Glaeser et al., 2008; Su, 2022), and natural

amenities (Lee and Lin, 2018). A smaller strand of research has highlighted di�erences between

2See, for example, Khanna, Nyshadham, Ramos-Menchelli, Tamayo, and Tiew (2023); Zárate (2024); Tsivanidis
(2025); Bordeu (2025), and Balboni, Bryan, Morten, O'Connor, and Siddiqi (2025) for transportation infrastructure
in Medellin, Mexico City, Bogota, Santiago, and Dar es Salaam, respectively; Michaels, Nigmatulina, Rauch, Regan,
Baruah, and Dahlstrand (2021) and Franklin, Imbert, Abebe, and Mejia-Mantilla (2024) for residential infrastructure
and urban public works programs in Dar es Salaam; and Gechter and Tsivanidis (2023) and Harari and Wong (2025)
for slum-upgrading interventions in Mumbai and Jakarta, respectively.
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U.S. cities and speci�c cities in other developed countries, attributing them to other amenities

such as restaurants and bars concentrated in central areas (Brueckner, Thisse, and Zenou, 1999

for Paris; Tabuchi, 2019 for Tokyo; Almagro and Domínguez-Iino, 2025 for Amsterdam). By

contrast, little has been documented or explained about the patterns in less developed cities. Our

main contribution here is to adopt a cross-country perspective: we document how these patterns

manifest in less developed economies and explain why they di�er.

While our central focus is the comparison between developed and less developed cities, we also

present systematic evidence on developed cities outside the United States, rather than relying on

a few speci�c megacities, such as Paris or Tokyo. On average, Western European cities exhibit

�at, rather than negative, income gradients with distance to the city center, as well as with hills

and rivers. We show that the di�erences between U.S. cities and other developed cities in Western

Europe and Japan stem from di�erences in amenity dimensions beyond the suburban and natural

amenities emphasized in the U.S. context, and to a lesser extent, di�erences in commuting costs

and spatial productivity distribution.

Although we analyze cross-sectional comparisons across cities, our �ndings also speak to the

literature on how the spatial organization of economic activity evolves with development.

Empirically, our result that residential income declines monotonically with greater distance to

the city center in less developed cities parallels the evidence in Lee and Lin (2018), who show

that U.S. cities exhibited this pattern in 1880, but that it reversed after 1930. Theoretically, our

paper relates to work on the interaction between structural transformation of industries�from

agriculture to manufacturing to services�and spatial population reallocation across cities (e.g.,

Bohr, Mestieri, and Robert-Nicoud, 2024; Chatterjee, Giannone, Tatjana, Kuno, and Luca, 2025;

Eckert and Peters, 2025) or within them (Coeurdacier, Oswald, and Teignier, 2025). While we also

emphasize the role of nonhomothetic preferences, our focus is on those for housing and amenities

and how they shape spatial income distribution within cities.

2. Data

This section outlines how we integrate diverse data sources to build a comprehensive database

on household income and commuting �ows from 50,000 neighborhoods in 121 cities across 26

countries.

2.1. Travel Surveys From Developing Countries

Our primary data source for developing countries is microdata of travel surveys from 25 cities

in 21 developing countries conducted by the Japan International Cooperation Agency (JICA),
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the o�cial development cooperation agency of Japan. JICA collects these data as part of urban

transportation projects in partner countries.3 These surveys gather detailed information on

residential and workplace locations, demographic characteristics (e.g., age, household size),

income, employment status, and daily travel activities, including trip timing, geolocation,

purpose, and transportation mode. In developed countries, such surveys are usually carried out at

regular intervals in major metropolitan areas. In developing countries, they are often conducted

ad hoc, typically in preparation for major infrastructure projects or city master plans, and often

with support from international aid agencies such as JICA. The surveys typically follow a two-

stage random sampling design based on the latest available population census, �rst dividing the

city into survey zones and then randomly selecting clusters of households within each zone, with

the targeted sampling rates of 1 to 10% depending on the city.

Panel (a) of Table 1 lists the cities included in this dataset, which spans multiple continents:

three cities in Latin America, four in South Asia, 11 in East Asia, one in Eastern Europe, two

in the Middle East, and �ve in Africa. The surveys, conducted between 1996 and 2018, vary in

terms of questionnaire design and local implementation. Sample sizes range from 5,000 to 300,000

respondents, with an average of 60,000 per city.

Our travel surveys are particularly well-suited to our analysis due to their �ne spatial resolution.

Each survey divides the city into a large number of neighborhoods, or �survey zones,� and records

respondents' residential and workplace locations, as well as the origins and destinations of daily

trips, at this neighborhood level.

Compiling these data required substantial manual e�ort. The surveys di�er widely in

format, structure, and documentation across cities, with many available only as scanned, non-

georeferenced maps. To recover the spatial boundaries, we manually geocoded these maps to

merge with other various geographic datasets (Appendix Figure A.3). On average, each city

contains about 200 survey zones, with a typical zone covering roughly 5 square kilometers.

We also harmonized questionnaires to obtain household-level income information at the

neighborhood level. In most cities, respondents report their household's total income, either

as a continuous value or within �nely disaggregated bins. In three cities (Bucharest, Dhaka,

and Managua), the surveys do not directly ask for household income, but instead they collect

individual income for each household member, which we aggregate to construct household-level

income.

3JICA collaborates with governments in developing countries on urban development planning, speci�cally
focusing on the long-term structuring of urban transportation infrastructure and developing city master plans. The
initiation of these projects is demand-driven, responding to requests from JICA partner countries. Naturally, the
cities covered by the surveys tend to be the capital or prime cities of each country, while they sometimes cover
multiple cities from each country (i.e., Vietnam and the Philippines).
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Table 1: List of Cities Covered in Our Analysis

Latin America Asia and Eastern Europe Africa and
Middle East

Number of Cities 3 15 7
Number of Countries 3 12 6
Avg Number of Respondents 70,469 79,214 46,113
Avg Number of Neighborhoods 190 257 178
List of Cities Belem (00), Lima

(03), Managua (98)
Bucharest (98), Cebu (14),
Chengdu (00), Colombo (13),
Da Nang (08), Dhaka (14),
Hanoi (05), Ho Chi Minh
(14), Jakarta (10), Kuala
Lumpur (99), Lahore (10),
Manila (96), Phnom Penh
(12), Viang Chan (07),
Yangon (13)

Abidjan (13),
Cairo (01),
Damascus
(98), Dar es
Salaam (07),
Kinshasa (18),
Mombasa (15),
Nairobi (13)

(a) Less Developed Cities Surveyed by JICA, by Region

United
States

Western
Europe and
Japan

Latin
America

Asia and
Eastern Europe

Africa and
Middle East

Number of Cities 48 24 27 15 7
... with Commuting Flows 48 17 3 15 7
Number of Countries 1 4 3 12 6
... with Commuting Flows 1 3 3 12 6
Total Number of
Neighborhoods

27,579 13,170 4,146 3,864 1,246

List of Countries United
States

France,
Japan, Spain,
United
Kingdom

Brazil,
Nicaragua,
Peru

Bangladesh,
Cambodia,
China,
Indonesia, Lao
People's DR,
Malaysia,
Myanmar,
Pakistan,
Philippines,
Romania, Sri
Lanka, Viet
Nam

Côte d'Ivoire,
D.R. of the
Congo, Egypt,
Kenya, Syrian
Arab Republic,
U.R. of
Tanzania:
Mainland

(b) All Cities in the Neighborhood-Level Income Dataset, by Region

Notes: The two digits in the parentheses for each city in Panel (a) indicate the year in which the survey was
conducted. See Appendix Tables A.1, A.2, and A.3 for the characteristics of each city in our JICA survey data;
see Table A.4 for the list of cities covered in surveys other than the JICA surveys; and see Figure A.1 for a map
of all the cities.

Spatially disaggregated income data are rarely available for cities in developing countries. As

such, our dataset represents the �rst comprehensive e�ort to measure neighborhood-level income
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across a broad set of cities in developing countries. Nevertheless, concerns may arise regarding

data accuracy, particularly since the travel surveys are based on a random sample of households

rather than censuses. To assess the validity of our income measures, we examine the case of

Belém, Brazil, the only city in our sample for which neighborhood-level income from a national

census is publicly available (see Section 2.2). In Appendix A.2, we show that the travel survey

data closely align with the census data in both the overall spatial income distribution and the

gradient of income with respect to distance from the city center.

We also extract households' commuting information from these travel surveys. For each

respondent, the survey typically records whether the individual is employed (either as a wage

worker or self-employed) and, if so, their workplace location, coded at the survey-zone level.4 In

seven cities, the surveys do not directly ask about work locations. In those cases, we rely on the

travel activity module, which documents the time, location, and purpose of each trip. We infer

workplace locations by identifying trips made for the purpose of going to work. Using these data,

we construct origin-destination commuting �ows between survey zones within each city.

2.2. Additional Data on Income and Commuting Flows

We further supplement these data with �ne-grained administrative census sources for selected

developed and less developed countries. We collect average residential neighborhood income

from census and tax data for four developed countries (United States, United Kingdom, Spain,

and France) and a less developed country (Brazil). Information from the United States stems

from the 2015�2019 aggregated American Community Survey (ACS) at the census-tract level.

For the United Kingdom, we obtain average income at the small-area level from the O�ce of

Tax Statistics in 2018. For France, we derive income from tax returns in 2016 at the communes,

with further disaggregation into arrondissements within some metropolitan areas (e.g., Paris).5

In Spain, average neighborhood income derived from tax information is available at the sección

level for 2019. In Brazil, average neighborhood income from the 2010 census is available at the

bairros level.6

For Tokyo, we have access to the microdata of the 2018 Tokyo Person Trip Survey (Tokyo

Metropolitan Area Transportation Planning Council, 2018). The data share a similar structure

4For self-employed workers (e.g., street vendors), survey instruments typically ask respondents to report the
usual location where their work activities are carried out.

5We use median neighborhood income, instead of mean income, for France, as the latter is not publicly available.
While income information is available at the more �nely disaggregated IRIS level, we use communes/arrondissements
because of the availability of commuting �ow data.

6In some parts of the country where bairros are not de�ned, we use subdistritos, a coarser disaggregation. While
income information is available at the more �nely disaggregated setores level (about one-tenth of the area of a U.S.
census tract), we use bairros/subdistritos because of the comparability of neighborhood sizes with other countries.
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to the JICA surveys discussed above�an individual-level survey reporting household income,

demographic information, discrete neighborhoods, home and work location, and trips throughout

the day.

We obtain bilateral commuting �ows in the United States, the United Kingdom, and France from

various administrative datasets. We obtain commuting �ow information in the United States from

the Census Transportation Planning Packages (CTPP) for the years 2012 through 2016, which are

constructed using the ACS data on usual residence and workplaces. The CTPP data report the

aggregate number of workers living and working in any given pair of census tracks.7 We use

bilateral commuting �ows from the United Kingdom derived from censuses at the small-area level,

and from France at the communes/arrondissements level, with the same level of disaggregation as

the income data. There are no publicly available commuting �ow data from Spain or Brazil (except

for Belém, where the JICA travel survey is available).

2.3. City Boundaries and Additional Geographic Data

De�ning cities consistently across countries with vastly di�erent geographies and levels of

development is not a straightforward task. Rather than relying on administrative boundaries

or survey coverage�which vary widely across contexts�we delineate city boundaries using

the World Settlement Footprint's �Built Up Areas� dataset (Florczyk et al., 2019). This dataset

classi�es land use globally at a �ne spatial resolution using satellite imagery, identifying

contiguous �built-up� areas�regions densely covered by buildings, roads, and pavement, as

opposed to agricultural or forested land. We de�ne each city as a geographically contiguous

built-up area, thereby capturing entire metropolitan areas rather than individual municipalities.8

We show that our results are robust to alternative de�nitions of city boundaries. We restrict

our analysis to cities with more than 400,000 residents, to align with the coverage of JICA travel

surveys, which tend to cover relatively large cities.

We further merge this data with various neighborhoods' geographic features. We obtain city

centers using coordinates from OpenStreetMap (OSM), an open-source collaborative mapping

platform of the world. Contributors typically assign city-center locations based on prominent

7An alternative commuting dataset in the United States is the Longitudinal Employer-Household Dynamics
Origin-Destination Employment Statistics (LODES). This dataset is constructed from the Quarterly Census of
Employment and Wages, which covers all �rms with paid employees and that are subject to unemployment insurance
laws. While LODES provides a near-census coverage of paid workers with their precise residential locations, it
excludes the self-employed and imputes worksite locations for multiestablishment �rms. Due to these di�erences,
LODES yields commuting semielasticities that are roughly two-thirds the magnitude of those estimated from the
CTPP and from travel surveys in Chicago and San Francisco (Appendix A.3; see also Spear, 2011).

8For instance, our de�nition of New York City encompasses the urbanized corridor extending from New
Brunswick in the south to White Plains in the north, while London includes the built-up area reaching west to
Heathrow Airport. Our results are robust to changing the de�nitions of these boundaries (Table 3).
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landmarks such as city halls or central plazas. Although this approach is heuristic, it aligns well

with intuitive notions of a city center.9 As shown in Figure 1, these locations coincide with

the highest net commuter densities (in-commuters minus out-commuters per unit area) in cities

such as Los Angeles and Lima. To address potential measurement error of the exact city-center

locations or the presence of polycentric structures, we also analyze broader patterns between

suburban areas and others, de�ning suburban areas as the neighborhoods comprising 50% of the

population living farthest from the city center.

Figure 1: Net Commuting and City Centers in Los Angeles and Lima

(a) Net Commuter Density (Los Angeles) (b) Net Commuter Density (Lima)

Notes: The panels show the density of net commuters (total in-commuters minus out-commuters) for each
neighborhood in Los Angeles and Lima. Darker blue indicates a higher net commuter density. Yellow indicates
negative values for net-commute. The circle depicts a 2-kilometer radius from the city center.

We compute the bilateral road distance between all pairs of neighborhoods using the Open Source

Routing Machine (OSRM), an open-source algorithm for �nding the shortest path between two

locations along OSM's road network (Luxen and Vetter, 2011).

We classify a neighborhood as hilly if its average slope (average change in elevation across four

adjacent grid cells) exceeds 5 degrees, based on 30m•30m elevation data from Amazon Web

Services Terrain Tiles (Larrick, Tian, Rogers, Acosta, and Shen, 2020).10

River proximity is de�ned using the HydroSHEDS dataset (Lehner and Grill, 2013), which maps

9For example, Cebu City's center is at the city hall, while London's is at Trafalgar Square. As an additional
validation, for the 54 cities with data on �prime locations� (Ahlfeldt, Albers, and Behrens, 2020), we �nd that in 88%
of cases our city center de�nitions fall within two kilometers of the centroids of the prime locations.

10While Lee and Lin (2018) use a 15-degree threshold, we adopt a lower cuto� to capture a broader set of
moderately sloped areas, re�ecting the generally less steep terrain in many cities worldwide.
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global water �ows based on topography and rainfall. A neighborhood is classi�ed as near a river

if any part lies within 100 meters of a riverbank, considering only rivers with an average �ow

above 1.3 cubic meters per second.

We obtain neighborhood population using the 2015 LandScan global population dataset (Bright,

Rose, and Urban, 2016) for all cities covered by our travel surveys. For the United States, the

United Kingdom, France, Spain, and Brazil, we rely instead on population size from the original

administrative sources.

2.4. Final Datasets

We de�ne developed cities as those in the United States, the United Kingdom, France, Spain,

and Japan. We de�ne less developed cities as those surveyed by JICA and Brazil. The poorest

country covered in our data is the Democratic Republic of the Congo (the city of Kinshasa),

whose GDP per capita is US$1,020. To gauge further heterogeneity within the developed and less

developed cities, we often separately report estimates by regions, constituting the �United States�

and �Western Europe and Japan� for developed cities, with �Latin America,� �Asia and Eastern

Europe,� and �Africa and Middle East� for less developed cities.

Our �nal neighborhood-level income dataset contains 50,005 neighborhoods in 121 cities across

26 countries. Of these cities, 72 are classi�ed as developed (48 from �United States� and 24 from

�Western Europe and Japan�) and 49 are classi�ed as less developed (27 from �Latin America,� 15

from �Asia and Eastern Europe,� and 7 from �Africa and Middle East� ). For bilateral commuting

�ows, we have data at the same level of disaggregation, except for all cities in Spain and all cities

in Brazil, other than Belém. Panel (b) of Table 1 lists all the cities in our analysis.

3. Spatial Distribution of Income

This section documents several prominent ways in which the spatial distribution of income

within cities varies across regions and between developed and less developed cities.

3.1. A First Look From Two Examples: Los Angeles and Lima

Before proceeding to the full statistical analysis, we begin by comparing two cities: Los Angeles

and Lima. Figure 2 illustrates the income distribution and geographic features of the two cities.

Panels (a) and (b) show the average residential income by neighborhood, measured as each

neighborhood's percentile rank within the city, with lighter colors corresponding to higher

income levels. The red circle in each panel marks the city center. Panels (c) and (d) highlight

neighborhoods that are hilly or located near major waterways.
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