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Abstract

Over the past few decades, spatial sorting across cities and neighborhoods by the populations with
high and low income and skills contributed to a widening inequality of well-beings. Using individual-
level micro data of location histories, we document a sudden and continuing shift of residential demand
towards the suburbs and less dense MSAs during the COVID-19 pandemic, which was disproportionately
driven by the movement of high income population. This differential migration pattern by income is par-
tially “reversing” the spatial sorting that we have witnessed over the prior decades. As a result, housing
costs rose more in the destination locations and less in the origin locations. Job losses were milder and
unemployment rates increased by less for low-skilled workers in the destination locations than they did
in the origin locations. The equilibrium response in housing costs due to spatial sorting reduced the rent
burden faced by the average person, especially the average low-income person. Spatial sorting also mod-
estly reduced unemployment rates faced by the average low-income person. Welfare exercises accounting
for these migration-induced spatial changes in rents and employment opportunities indicate that this “re-
verse” spatial sorting raised the welfare of low-income population by more than that of the high-income
population, leading to a narrowing of the well-being gap.

Keywords: Residential Sorting; Migration; Housing Cost; Unemployment; Inequality
JEL Classification: R2; R3; D6

*The views expressed in this article are those of the authors and do not necessarily represent the views of the Federal Reserve Bank
of Dallas, the Federal Reserve Bank of Philadelphia, or the Federal Reserve System. We thank Morris Davis and seminar participants
at the AREURA seminar series and Rutgers University seminar series for their comments.

†Federal Reserve Bank of Philadelphia: wenli.li@phil.frb.org.
‡Federal Reserve Bank of Dallas: yichensu@outlook.com.

1



1 Introduction

Since the 1980s, the influx of high-skilled workers in high wage cities in the U.S. has driven up the demand for

housing there. The resulting high cost of living coupled with the relatively low wage premium for low-skilled

workers in these places drove them to increasingly choose to live in cheaper lower-wage cities (Moretti, 2013;

Diamond, 2016; Ganong and Shoag, 2017; Giannone, 2018). Likewise, within metropolitan areas, the cost of

living rose significantly in neighborhoods near city centers that have convenient access to jobs and amenities

due to high demand by workers with high income and high education attainment. Lower-skilled workers with

lower income, unable to afford these central locations, have increasingly moved to the suburbs (Couture and

Handbury, 2020; Su, 2021).1 Researchers have demonstrated that such spatial sorting between the high- and

low-skill and income groups contributed to the already widening inequality of their well-beings (Diamond,

2016; Couture et al., 2021; Su, 2021).

The unexpected outbreak of the COVID-19 pandemic in March 2020 disrupted this spatial sorting trend.

In the wake of the pandemic, residential location demand shifted dramatically from high-cost MSAs and

central city neighborhoods to less densely populated and more affordable MSAs and suburban neighborhoods.

Many recent papers have shown that the sudden rise in the prevalence of work-from-home arrangement, which

allowed many workers to decouple their residential locations from the locations of their employers, is the

leading contributing factor that drove the reversal of the migration trend (Liu and Su, 2021; Gupta et al.,

2021; Meeker and Mota, 2021; Whitaker, 2021).

Since the option to work remotely is much more available to high-skilled professionals than to workers

in service and retail, where face-to-face interactions with customers are often required, the shift in housing

demand toward the suburbs and low-cost MSAs is likely a phenomenon dominated by high-income and high-

skill workers (Dingel and Neiman, 2020; Su, 2020; Bartik et al., 2020; Bick et al., 2021). Put it simply,

the differential migration patterns between the high- and low-income population groups may have fueled a

“reverse” spatial sorting, opposite in the direction seen in previous decades.

In this paper, we use an individual level micro data, the Federal Reserve Bank of New York Consumer

Credit Panel/Equifax (referred to as FRBNY Consumer Credit Panel/Equifax or CCP, thereafter), to analyze

changes in migration and spatial sorting patterns in U.S. cities after the outbreak of the pandemic. A key

feature of the data is that it records the location at which a person receives his/her bills of credit card and loan
1In the most recent years leading up to the pandemic, the out-migration from high-cost cities and high-cost neighborhoods were

also seen among population of increasingly higher income.
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payments. The location geocode we use is based on the precise address information.2 To study spatial sorting

between the high- and low-income population groups, we use residents’ Risk Scores reported in the FRBNY

Consumer Credit Panel/Equifax data to approximate their income levels. By dividing the resident sample into

high-scored versus low-scored as a way to proxy for high- and low-income population groups, we study the

differential migration patterns exhibited by these two groups during the COVID-19 pandemic and the impact

of the migration on the well-being of high- and low-income populations, respectively.

We show that the pandemic indeed led to significant net outflows of population from dense neighborhoods

near the city centers to suburban neighborhoods with lower density. It also led to considerable outflows from

MSAs with high population density and high cost of living. Notably, the rise in migration toward the suburbs

and lower-density and lower-cost MSAs were disproportionately driven by high-income residents. Low-

income residents also saw a rise in migration toward the same directions, albeit weaker.

As residents, particularly the high-income residents, migrated to the suburbs and lower-density MSAs,

housing cost rose in the destination locations but declined (relatively) in the origin locations. In other words,

we observe a spatial change in housing cost that increased cost burden for residents living in the receiving

locations but reduced cost burden for residents living in the locations that experienced an outflow on net.

Additionally, demand for local goods and services shifted spatially in the same direction as the migration.

Since local service sector is a principal employer of the low-skilled workforce, not surprisingly, job growth

in locations receiving the migration was more robust than job growth in locations experiencing population

outflow. Local unemployment rates, as a result, increased by far less in locations receiving the migration than

they did in locations experiencing the exodus.

These divergent growths in housing costs, job demand, and unemployment rates across cities and neigh-

borhoods along with the fact that population of different income and socioeconomic statuses resides in dif-

ferent cities and neighborhoods may have important welfare implications. Particularly, we argue that the

pandemic-induced migration can affect the well-being of high- and low-income populations differently in the

following ways:

First, since locations have different compositions of high-income and low-income populations, if the post-

pandemic migration-induced spatial change in housing costs and job growth (unemployment) across locations,

such spatial change could result in exposure to different growth of housing costs and job opportunities for the
2But we do not observe or use the addresses directly. Whenever the person moves and updates his/her address with the creditors,

the creditors will update such information with the credit bureaus. For example, if a person changes his mailing address with his
credit card issuer, who then reports it to the credit bureaus, the new address will then appear on the person’s credit report.
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average high- and low-income populations.

Moreover, because high- and low-income populations migrated differently during the pandemic, high-

income population may be more likely to move to places with with higher rent/home price growth and job

growth, and thus may be additionally exposed to higher growth in housing costs and benefited from higher job

growth. But due to low-income population’s more moderate migration flows in such direction, their exposure

to the housing cost growth and job growth may be smaller as a result.

To calculate the welfare impact of migration and spatial sorting on high- and low-income populations

during the sample period of our study, we present a spatial equilibrium model framework with endogenous

local housing costs and local unemployment rates. Through a series of decomposition exercises, we show that

spatial sorting during the pandemic reduced the housing cost growth exposed by the low-income population

substantially, raised the job growth accessible to low-income population, and reduced the unemployment

rates experienced by the low-income population in the U.S., modestly on average. The model implies that

the welfare gain for the low-income population due to spatial sorting over the one year after the start of the

pandemic is equivalent to around 1.46% of income. While the positive welfare effect of the reduced cost of

commuting applies more to the high-income population (as pointed out by many recent papers), the welfare

effect of spatial sorting on the high-income population appears to be smaller (0.57% of income), which

implies that the well-being gap between the high- and low-income population groups is reduced by around

0.9% equivalent income gap due to spatial sorting, mainly driven by the positive welfare improvement on the

low-income population. It is important to stress that we do not state that the well-being of the low-income

population improved or that the absolute well-being gap between and high- and low-income populations has

decreased during the pandemic. In fact, we concur with the numerous existing papers that the pandemic has

largely widened the well-being gap between the high- and low-income. Rather, our analyses concern how

much the migration and spatial sorting seen during the pandemic affected the well-being and the well-being

gap between the population groups.3

At the first glance, the welfare results may seem counter-intuitive. If the out-migration from dense neigh-

borhoods and cities reduced the housing costs in those locations, relieving the cost burdens faced by low-

income population who disproportionately live there, it would be natural to expect the out-migration also

reduced job growth and increased unemployment for the average low-income population, since migration

drives both local housing costs and job opportunities. Hence, one may expect that while housing costs may
3On the contrary, since housing cost generally increased more in places with initially low housing cost, low-income population

faced a higher growth in housing cost, overall.
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decrease for low-income population due to migration, they may be exposed to worse job markets on average.

It is indeed the case in star cities such as New York City, San Francisco and Los Angeles, where low income

people benefited from lower cost of housing induced by spatial sorting but suffered also from declined job

opportunities. The main reason we did not see such a result in the national data is that housing costs and

employment opportunities do not vary at the same geographic level. Specifically, housing costs vary locally

across neighborhoods, whereas the geographic unit of labor markets are at the larger county, commuting zone,

or MSA levels because of the possibility of commuting across neighborhoods. To put it intuitively, people

face housing costs specific to their neighborhoods but have access to jobs located beyond their neighborhoods.

Therefore, if high-income people are sorting from low-income neighborhoods into higher-income neighbor-

hoods of the same county or MSA during the pandemic, this would likely reduce the housing cost burden

facing the average low-income person, while not reducing the job opportunities available to the low-income

person since the jobs only shifted across neighborhoods not out of the local labor market (county/MSA). But

if high-income people are moving from high-income counties/MSAs to lower-income counties/MSAs, this

would likely increase the employment opportunities facing the average low-income person.

We show evidence for such spatial sorting patterns favoring low-income population at both geographic

levels. First, we document at the census tract (neighborhood) level a strong rise of within-MSA migration

from dense urban centers to the suburbs. Urban centers in the U.S., on average, have a relatively high share

of low-income population, whereas the suburbs typically have a higher share of high-income population.

Therefore, a higher growth in housing costs in the suburbs due to migration drove up the housing costs facing

the average high-income person, whereas the average low-income population faces lower growth in housing

cost due to the out-bound demand. The labor market exposure by different groups within counties/MSAs,

however, remains largely unchanged. On the other hand, we also document a spike of cross-MSA migration

from densely populated large MSAs to smaller MSAs with lower density. Large MSAs with high population

density tend to have a higher concentration of high-income population. Thus, such cross-MSA migration

patterns imply that the average low-income person benefited from migration in terms of job growth and

unemployment rate they are exposed to, though some of the benefits may be offset by the higher housing cost

associated with the inflow of high income population.4

To summarize, our analyses suggest that the decoupling of work-place of high-skilled workers and their

residential locations afforded by the options of working from home may indirectly impact the well-being of
4Since most counties in the U.S. are substantially larger than neighborhoods, much of the difference in migration patterns across

MSAs is also captured by the migration patterns across counties.
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low-skilled workers through the spatial equilibrium effect. Before the pandemic started, the spatial equilib-

rium of U.S. cities was increasingly challenged by the dilemma of rapidly declining affordability in high-wage

MSAs, especially the urban premium locations such as central cities within those MSAs. Meanwhile, the mi-

gration toward those MSAs also rendered smaller and lower-wage cities short of employment opportunities

(Autor et al., 2013; Austin et al., 2018). Hence, the poor who lived in city centers of prosperous MSAs were

increasingly burdened by housing cost, while the poor who live in smaller and less prosperous MSAs were

deprived of job opportunities. The working-from-home arrangement by high-income workers during the pan-

demic led to a reduction in the physical agglomeration of high-skilled workers, relieving the rent pressure

experienced by the low-income population and bringing jobs to the smaller cities suffering joblessness, re-

ducing unemployment there. Beyond the context of the pandemic, the spatial sorting episode observed over

the pandemic analyzed in this paper may serve a lesson as to how the options of working-from-home among

the high-skilled may benefit the low-income and low-skilled population indirectly.

Our paper contributes to the growing body of research on the impact of COVID-19 on location demand.

Liu and Su (2021) and Gupta et al. (2021) document that the rent-bid curve flattened during the pandemic

within MSAs, indicating that the demand for housing in city centers declined relatively while the demand for

housing in the suburbs increased. Liu and Su (2021) also document that the demand for housing shifted toward

smaller and cheaper MSAs as well. Ramani and Bloom (2021) use data from the U.S. Postal Service and

Zillow and find that within large US cities, households, businesses, and real estate demand have moved from

dense central business districts (CBDs) towards lower density suburban zip codes. Haslag and Weagley (2021)

document the similar pattern using micro-data from a moving company. Using the Federal Reserve Bank of

New York Consumer Credit Panel/Equifax data (CCP), Whitaker (2021) also finds migration outflows from

urban neighborhoods in 2020. Meeker and Mota (2021) reach the same conclusion after analyzing purchase

mortgage applications. Besides the demand for residential locations, Rosenthal et al. (2021) demonstrate that

during COVID-19, the value firms place on central locations and density declined significantly.

On the theoretical front, a few papers also made contribution to the understanding of how COVID-19 and

working-from-home can affect the structures of cities. In particular, Brueckner et al. (2021) and Davis et al.

(2021) develop rich models to explore the effect of working-from-home technology on labor market outcomes

and city structure. Delventhal et al. (2021), on the other hand, develops a model that puts more emphasis on

urban agglomeration and traffic externalities and evaluate the effect of the working-from-home shock.

Delventhal and Parkhomenko (2021), similar to our paper, assesses the welfare implications of telecom-
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muting during the pandemic and beyond using a structural spatial equilibrium model in which telecommuting,

spatial differences in productivity and wages are explicitly modeled. Different from their paper, our paper

focuses empirically on spatial sorting’s effect on welfare, and we do not explicitly model the change in pro-

ductivity induced by the post-pandemic changes. A crucial points of our paper is that the cross-neighborhood

sorting and cross-MSA sorting due to the rise of telecommuting carry very different welfare implications for

the average high- and low-income population groups.

We use the same credit bureau data as in Whitaker (2021) to empirically analyze the impact of migration

during the COVID-19 pandemic on various spatial outcomes. In addition to confirming the urban exodus phe-

nomena associated with the pandemic documented in the literature, we provide extensive evidence of spatial

sorting both within and across MSAs and explore the welfare implications of such migration and sorting pat-

terns. Our welfare analysis mirrors Moretti (2013); Diamond (2016); Su (2021); Couture et al. (2021). As in

those papers, we stress that the differential spatial distribution and migration patterns significantly contribute

to the well-being gap between population groups.

The rest of the paper is structured as follows. Section 2 describes our data source and carry out data

validation. Section 3, we document the migration and spatial sorting patterns. Section 4 presents a spatial

equilibrium model and analyzes welfare implications. Section 5 concludes.

2 Data Source and Data Validation

2.1 Data Source

We use data from several sources. The main outcome variable regarding individual migration decisions comes

from the Federal Reserve Bank of New York Consumer Credit Panel/Equifax. We obtain the Equifax Risk

Score from this data base.

Location characteristics at the census tract, ZIP Code, county, and Metropolitan Statistical Area (MSA)

levels are sourced from the 2013-2017 American Community Survey (ACS) from the National Historical

Geographic Information System (NHGIS), and the ZIP Code Business Patterns (ZCBP) (Manson et al., 2020).

Lastly, we get home-price index and rental prices from CoreLogic Solutions (referred to as CoreLogic,

thereafter) and Zillow Research, employment data at the industry (NAICS) level from the Quarterly Census

of Employment and Wages, and aggregate visiting patterns from geospatial data from SafeGraph.
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2.1.1 Individual Locations and Migration Flows

We study the migration patterns sourced from the Federal Reserve Bank of New York Consumer Credit

Panel/Equifax data (CCP). The credit panel is a nationally representative 5 percent random anonymous sample

of all individuals with a Social Security number and a credit report (aged 19 and over) drawn from Equifax

credit report data. The data set is structured as a quarterly panel, beginning in 1999, with snapshots of

consumers’ credit profiles captured at the end of each quarter. It includes detailed information on the liability

side of the individual including various debt holdings and their respective payment status. Important for this

paper, the data set reports the Risk Score of each individual and the location geocode information based on

the address at which one receives bills. We treat this mailing address as the person’s residential address after

deleting individuals whose address type is flagged as firm, general delivery, military, post office box or rural

route or highway contract. In the next subsection, we will validate this assumption using ACS data from the

census.

To construct the sample for our main analysis, we restrict our attention to individuals between the ages of

25 and 65. We track these individuals from the first quarter (Q1) of 2019 to to the third quarter (Q3) of 2021

at the quarterly frequency.5

The main variable of interest is the migration flow from census tract to census tract over time. We conduct

our analysis over quarterly frequency. To construct migration flow, we retain people that are observed in both

the pre-period and the post-period, and calculate the number of people in the data that move from one census

tract to the other or stay. To calculate the out-migration rate, we divide the number of people that move away

by the initial number of people residing in the origin census tract. To calculate the in-migration rate, we divide

the number of people that move in by the initial number of people residing in the destination census tract. The

construction of migration flow at the MSA and state levels follows the similar procedure.

2.1.2 Local Characteristics

We obtain local characteristics such as population density, income level, racial composition from the summary

tables of the 2013-2017 ACS through the NHGIS (Manson et al. (2020)). The data come at the census tract,

ZIP Code, county, and MSA levels. For each census tract, we calculate the Euclidean distance to the closest

downtown. We geocode all the downtowns using the output of Holian and Kahn (2015).
5Roughly 30% of the individuals we track are considered subprime borrowers by the credit bureau because their Risk Scores are

below 620, 30% are near prime borrowers with Risk Scores between 620 and 720, and the remaining 40% are considered as prime
borrowers with Risk Scores over 720.
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2.1.3 Telework Compatility

We compute the share of jobs that are telework compatible for each census tract based on the spatial distri-

bution of jobs by occupation and an assignment of telework compatibility for each occupation. Dingel and

Neiman (2020) and Su (2020) use O*NET occupation characteristics to evaluate each occupation’s suitability

for telework, and assign a telework indicator to each occupation. We use the telework indicator developed by

Dingel and Neiman (2020) for the main analysis.

We first estimate the share of jobs that are telework compatible at each zip code. Specifically, we use data

from the 2016 Zip Code Business Patterns (ZCBP) for local job distributions. The ZCBP comes at the NAICS

level, so we use an industry to occupation crosswalk to impute the local job distribution for each occupation.

Based on the spatial job distribution at the zip code and the telework indicator for each occupation, we estimate

the share of jobs within a 3-mile radius of each zip code that are telework compatible. We use the ZIP Code

Tabulation Area (ZCTA) Distance Database from the NBER website for distance measure between zip codes.

To construct the share of workers that are in telework-compatible occupations for each census tract, we assign

to each census tract the closest zip code.

We also estimate the share of workers who are in telework-compatible occupations at the MSA level.

Specifically, for each MSA, we estimate the share of full-time workers aged from 25-65 in each occupation

using the 2013-2017 ACS from the IPUMS (Ruggles et al., 2020). Combined with the telework indicator

for each occupation, we estimate the share of workers who are in telework-compatible occupations for each

MSA.

2.1.4 Local Employment Growth and Unemployment Rates

We obtain county-level employment growth from the Quarterly Census of Employment and Wages (QCEW).

The data come at quarterly frequency, at detailed industry level. We use the quarterly employment data at

2-digit NAICS level.

We use the CPS micro-data sourced from the IPUMS CPS to approximate the unemployment rates at the

county level over time across two skill groups: college-educated and noncollege-educated workers (Flood

et al., 2020). Due to disclosure risk, the CPS micro-data only contain geocode information for counties in

highly populated counties, not a universal coverage. To expand the analysis on the local unemployment rates

and spatial sorting, we impute the county-level unemployment rates for all counties by drawing in other vari-

ables that are highly predictive of local unemployment rates. For each county, we calculate the local employ-
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ment growth from the QCEW data in service industries, manufacturing industries and professional industries.

We also use the county-level annual average unemployment rates from the Bureau of Labor Statistics. We use

a flexible linear regression model for quarterly unemployment rates by college and non-college grads with

respect to the quarterly employment growth in the three industries and annual unemployment rates. We then

use the out-of-sample prediction to impute the unemployment rates for counties which CPS microdata do not

cover.

2.1.5 Local Housing Market

We obtain the growth of the home price index (HPI) by ZIP Code and county from the CoreLogic HPI data

at the monthly frequency. The HPI provided by CoreLogic is built on information from public record and

various real-estate databases. It uses repeat sales transactions in the past to estimate the change in home

prices within a geographic unit.6 We obtain rental price growth data from the Zillow Observed Rent Index

(ZORI) released by Zillow Research. The variable is a smoothed measure of the typical observed market

rents in a given region. ZORI is a repeat-rent index that is weighted to the rental housing stock to ensure

representativeness across the entire market, not just those homes currently listed for rent.

We obtain the pre-pandemic level of rent and home value from the 2013-2017 ACS data. In the rest of the

paper, we construct the housing cost using a unified approach of “rental” cost. We impute the implied rent of

each location by multiplying the reported home value by 0.0785 (Peiser and Smith, 1985; Diamond, 2016).

We also compute the growth of rent cost of each location by weighting the Zillow rent growth and CoreLogic

HPI by the share of renters and owners in each geographic location studied.

2.2 Validating Mobility Rates

The key assumption in our analysis is that a person’s mailing address at which he/she receives bills from

his/her lenders is also where he/she resides. To evaluate the accuracy of the assumption, we compare mobility

rates constructed from CCP to that from the American Community Survey (ACS) for the years 2017 to 2018.

The ACS is a demographics survey program conducted by the census bureau. It regularly gathers information

previously contained only in the long form of the decennial census, including, among other things, information
6We use the HPI as the home price measure for our analysis instead of the median sales price or listing value because the HPI is

designed to be driven only by the changing unit price of homes in a geographic unit rather than the changing composition of homes
being sold, which partially drives median sales and listing values.
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on migration.7

We compare the cross-county in-migration rates between the two data sets given that the most granular

geographical level at which ACS reports migration statistics is county. In particular, we compare the county-

level gross in-migration rates between Q1 of 2017 and Q4 of 2018 in the CCP data with those from the ACS

2018 one-year survey. Note that to make the CCP statistics comparable with the ACS survey question, which

asks ”Where did this person live 1 year ago?”8 we intentionally include more months in the construction of

moving rates using the CCP. The primary advantage of using this 1-year multiyear ACS survey is that it is

more directly comparable in time frame, the disadvantage is that it only covers areas with populations of

20,000 or more, as a result, it has only 835 counties. Figure 1 presents the population-weighted binned scatter

plot of the in-migration rates from the two data sets. As can be seen, the slope of the fitted line is near unity.

The population weighted correlation coefficients are 0.76 for the gross in-migration rates.9

3 Migration Patterns During COVID-19

3.1 Migration Out of Neighborhoods near Urban Centers and Densely Populated MSAs

We begin our empirical analyses by documenting several prominent changes in the migration patterns since

the outbreak of the COVID-19 pandemic. Using the micro data, we compute the average quarterly net in-

migration rate (net in-migration/destination tract’s prior period population) before and after the start of the

pandemic (Q1 2019 – Q1 2020 vs. Q1 2020 – Q3 2021) by the neighborhoods’ distance to the city centers

and report the results in Figure 2a. Before the pandemic started, neighborhoods near the city centers saw

slightly more net outflow of people than the suburbs. After the outbreak of the pandemic, however, net

outflow increased dramatically near city centers, while the suburbs saw increased net inflow. This finding that

population has been shifting from central cities to the suburbs is consistent with existing evidence that we

reviewed in the introduction.

According to Figures 2b and 2c, people have also increased their move to neighborhoods with lower
7Th ACS data are used by many public-sector, private-sector, and not-for-profit stakeholders to allocate funding, track shifting

demographics, plan for emergencies, and learn about local communities. Sent to approximately 295,000 addresses monthly (or 3.5
million per year), it is the largest household survey that the Census Bureau administers.

8https://www2.census.gov/programs-surveys/acs/methodology/questionnaires/2018/quest18.pdf.
9For more comprehensive and particularly times series data validation of the CCP, see DeWaard et al. (2019). DeWaard et al.

(2019) compare cross-sectional and longitudinal estimates of migration from the CCP to similar estimates derived from the American
Community Survey, the Current Population Survey, Internal Revenue Service data, the National Longitudinal Survey of Youth, the
Panel Study of Income Dynamics, and the Survey of Income and Program Participation. They establish the comparative utility of the
CCP relative to other data sources on US internal migration.
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density and lower rents. Figure 2d is the binned scatter plot of net in-migration rate and the number of

telework-compatible jobs within a 3-mile radius of each census tract. We observe that locations near the

centers of these jobs saw a dramatic outflow in population, while the contrary is true in places far away from

these job centers, reflecting the fact that the pandemic-induced working-from-home options suddenly allowed

people to decouple their residential locations from the locations of their employers.

As people decouple their residential locations, many may choose to relocate outside of the cities they

lived in. Next, we examine the direction of net inflow of people across MSAs. In Figure 3, we plot the MSA-

level net in-migration rate, pre- and post-pandemic, against MSA population, MSA pre-COVID rents, and

availability of telework-compatible jobs. Interestingly but not surprisingly, people are also migrating toward

smaller and less expensive MSAs. Moreover, MSAs with a higher share of population working in telework-

compatible jobs also saw a larger outflow in population, indicating that the option of working-from-home

likely also induced migration out of the MSAs in which their employers are located.10

A natural question arises. That is, are the differential net inflows across different neighborhoods driven by

within-MSA migration or the exodus from urban centers toward other MSAs? Exploiting the panel microdata

structure, we dissect the net outflow from central city neighborhoods in the most populous 25 MSAs and

analyze where people have moved. Figure 4 plots the net quarterly out-migration rate from central cities to

the suburbs in the same MSA, or to central cities in other MSAs, or suburbs in other MSAs. We see that

most of the rise in net out-migration is accounted for by the outflow toward the suburbs in the same MSAs.

There was also a rise in the outflow toward suburbs in other MSAs, but barely any increase in outflow toward

central cities in other MSAs. These facts are consistent with the existing evidence documented from housing

indicators as well as address changes from USPS (Ramani and Bloom, 2021). It is important to point that San

Francisco and New York City are the two exceptions as shown in Figure A1a and A1b. In those two cities,

out-of-MSA moves dominate out-migrations from central cities.
10To give some intuitive examples of the direct people moved before and after the pandemic, we rank states based on the net

quarterly in-migration during the one year before the pandemic and the year after the pandemic started in Table A1. We can see
that states with lower-density cities and cheaper housing, such as Florida and Texas, tend to have seen a spike in net in-migration,
while states with high population density and very expensive housing, such as California and New York, saw a dramatic uptick in net
out-migration. The same patterns can be seen in Table A2, where we show the top MSAs in terms net in- and out-migration before
and after the start of the pandemic. To provide a more detailed look of the changing direction of migration during the pandemic, we
show the largest state-to-state and MSA-to-MSA direction of net migration in Table A3 and A4. We can see that flows from expensive
states to cheaper states such as from New York to Florida and from California to Texas strongly accelerated during the pandemic.
And flows from expensive metros to cheaper metros became more prevalent, too.
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3.2 Migration Patterns: High-Income vs. Low-Income Populations

To investigate heterogeneity of migration patterns by income masked by the aggregate migration pattern, we

use Risk Scores as a proxy for individual income level and analyze how people with different Risk Scores

moved differently. Specifically, we split individuals in the sample into two groups, those with Risk Scores

at 720 or above and those with Risk Scores below 720. Though we do not observe individual income in our

data, there exists a strong association between income and Risk Scores, which we validate next.

3.2.1 Relation Between Risk Scores and Income

Our method implicitly assumes that Risk Scores are strong indicators of income. Indeed, individual income

is highly correlated with factors used in estimating Risk Scores, including debt payment history, level of

indebtedness, length of the credit history file, and credit limit utilization. For example, households with

higher levels of income would, all else being equal, have a higher ability to repay debt, and hence have a good

debt payment history. Additionally, individuals with high income are also likely be given higher levels of debt

and more credit cards.

We validate this assumption using a proprietary data, HMDA-McDash-CRISM Match, an anonymized

match of the CCP data with the mortgage loan service data, the Black Knight McDash (referred to as McDash,

thereafter) data, and the confidential Home Mortgage Disclosure Act (HMDA) data. CRISM is Equifax’s

Credit Risk Insights Servicing data and McDash data. The match is conducted by the Federal Reserve Sys-

tem’s Risk Assessment, Data Analysis, and Research (RADAR) Group.11 We do not use the confidential

HMDA directly in our analysis. We took a 0.1 percent random sample of the matched data from 2018 to

2021. Note that the income measured here is the annual individual income at the time of mortgage origina-

tion. For the full sample, the correlation coefficient between log income and Risk Score is a high 0.53 and

the correlation, at 0.55, is stronger for individuals under the age of 65. The correlation coefficients become

0.48 and 0.50, respectively, for income levels. Given that we are only concerned with income ranking in the

analyses, we further calculate the rank correlation between income and Risk Score, which is a high 0.60 for

individuals under 65. Figure 5a presents the binned scatter plot between income levels and Risk Score of
11The match is done using the following 7 logic. 1. The origination date and action date must be within 5 days of each other

unless the loan was reported in McDash as originated on the first day of the month-then the loans maybe matched if the origination
date and action date fall within the same calendar month. 2. Origination amounts must be within $500 for years prior 2018, and
within $10 for years 2018 and 2019. 3. Property ZIP Code must match. 4. Lien types (e.g., first-lien mortgage) must match if fields
are populated. 5. Loan purpose types (e.g., purchase mortgage) must match if fields are populated. 6. Loan types (e.g., conventional
mortgage) must match if fields are populated. 7. Occupancy types (e.g., owner-occupied) must match if fields are populated.
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the sample. We see that the average income for people with Risk Scores lower than 720 is much lower than

people with Risk Scores equal to or higher than 720.

In Figures 5b and Figure 5c, we turn to tract level data and provide the binned scatter plot of median

income and share of population with a college degree or above and the share of high-score population con-

structed from our individual credit bureau data, respectively. The construction of the high-score population

here is not limited to individuals with mortgages as was in the previous exercise. The strong positively rela-

tionships we uncover here further prove that Risk Scores proximate income reasonably well.

This high correlation between income and Risk Scores that we reported here is consistent with arguments

put forward by some recent research.12 For example, Albanesi et al. (2020) find a strong positive relationship

between Risk Scores and income and that, after controlling for age, income is the most important determinant

of variations in Risk Scores (see Figure 19 of the paper). They use the same credit bureau data as we use here

with payroll labor income matched in 2009 for some of the individuals. Beer et al. (2018) analyzes the same

relationship using the Mintel/Comperemedia data, a monthly proprietary survey of credit card offers. For the

months between January 2007 and December 2017, they also find a strong positive correlation between log

income and Risk Scores.13

3.2.2 Differential Migration Patterns by Income

Figure 6 presents the binned scatter plots of net in-migration rate across census tracts for the high-income

population, i.e. those with Risk Scores ≥ 720, and low-income population, i.e. those with Risk Scores < 720

respectively, against distance to downtown and population density. During the pandemic, the net outflow

from neighborhoods close to the city centers is much higher among the high-income than the low-income.

The outflow is also much larger in places with very high population density, and the inflow is much larger in

places with low population density. In Table 1, we regress neighborhood-level net inflow of log population

against a variety of neighborhood characteristics, such as population density, distance to downtown, number

of telework-compatible jobs, and pre-COVID rents, separately for high- and low-scored populations. We

report the results with quarter-to-quarter moves before the pandemic (Q1-Q2 2019 to Q4 2019-Q1 2020) in
12We have done additional matching exercise using SCF data based on Coibion, Gorodnichenko, Kudlyak, and Mondragon (2016).

Based on estimated income of individuals, the differential migration results are similar to the results shown in the next subsection,
which are based on Risk Score alone. These results unavailable for release just yet and are pending further clearance.

13Their correlation coefficient at 0.29, however, is much smaller than ours. The reason is twofold. First, their income is self-
reported household income instead of individual income. Second, their sample is much smaller than ours but more heterogenous as
our sample consists of people who obtained a mortgage during the sample period.
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column 3 and after the pandemic (Q1-Q2 2020 to Q4 2020-Q1 2021) and in column 4. The results suggest

that the pandemic has led strong re-location toward neighborhoods with lower density, and suburban, for

both the high-income group and the low-income group. For places with high telework-compatible jobs, we

see a difference between the two groups with high-income people more likely to leave these locations post

pandemic than they did pre-pandemic. The opposite appears to be true for low-income people.

To further validate the spatial sorting patterns, we exploit the panel structure of the data and calculate

changes in various location characteristics between the destination locations and the origin locations for all

movers in each quarter between Q1 of 2019 and Q3 of 2021. We allow the regression coefficients to pick

up the quarter-specific mean difference in location characteristics such as distance to downtown, population

density, and number of telework-compatible jobs, etc. of the destinations and origins. Figure 7 shows that the

while both high- and low-income movers were moderately suburbanizing at similar pace before the pandemic

started, the high-income movers picked up the pace of suburbanization sharply after Q2 of 2020 while their

low income counterparts only moderately increased their pace. Similar differences in migration patterns

between the two groups emerge in terms of the change in density. Finally, the differences between the two

groups is most striking when we examine them by nearby telework-compatible jobs, consistent with the

documented fact that working-from-home arrangement is largely available to high-income workers (Bick

et al., 2021; Bartik et al., 2020).

Similar to the cross-neighborhood analysis, we also look at differential migration patterns across MSAs.

Figure 8 shows the net in-migration by MSA against MSA’s population, population density, and MSA’s share

of telework-compatible jobs after Q1 2020. We can see that while the difference in migration patterns can

still be distinctly observed, the magnitude of the difference is considerably smaller than cross-neighborhood

migration. The out-migration from the large and densely populated cities seems to have been very strong

across both population groups.

To see the pattern in another way, we look at the movers again and calculate the quarter-specific mean

difference in MSA’s characteristics such as MSA’s population, population density, and the share of telework-

compatible jobs of the destination MSAs and origin MSAs. Figure 9 shows the plot over time for high- and

low-income (Risk Score) movers. We can see that both high- and low-income movers suddenly were moving

to smaller cities, lower density cities, and cities with a smaller share of telework-compatible jobs. In particular,

the high-income are more likely to move in those directions during the pandemic. However, compare to the

cross-neighborhood movements, these cross-MSA movements do not differ as much.
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3.3 Equilibrium Responses of Housing Cost, Employment, and Unemployment Rates across

Locations

A simple spatial equilibrium model would predict that a migration shock partially driven by an exogenous rise

in the option of work from home would likely drive a spatial response in housing demand and local demand

for goods and services, which could lead to an impact on local housing costs, job growth, and unemployment

rates. We next examine these responses due to pandemic-induced migration.

Figure 10a reports changes in log housing cost since the beginning of the pandemic until the first quarter of

2021 in central city neighborhoods and in suburbs, respectively. Strikingly but not surprisingly, suburban rent

increases far outpaced rent increases in city centers, consistent with the shift in housing demand toward the

suburbs on net. Figure 10b shows that the MSAs with lower population density saw a faster growth in rents.

Meanwhile, as people moved away from city centers and toward lower-density MSAs, demand for local goods

and services dropped as revealed by the SafeGraph data on foot traffic toward restaurants, grocery stores, and

other retail shops. Figure 11 plots changes in log visits to restaurants and grocery stores across counties

against counties’ population density. The figure indicates that there has been a substantial suburbanization

of foot traffic and shift toward lower-density MSAs. When local demand for services decreases, demand for

labor in these sectors will weaken. Figure 12 plots the change log employment (QCEW data) in service sector

and in professional services against counties’ population density. We can see that unlike the professional

service sector, which contains tradable services such financial services and publishing, the service industries,

which include restaurants and retail industries, saw strong relationship between local employment loss and

the counties’ population, much like the foot traffic to service amenities. This indicates that the spatial shift in

service demand has likely driven a strong spatial gap in job opportunities, for low-skilled workers working in

the service sectors.

Finally, we turn to local unemployment rates to investigate the spatial shift in labor demand. Figure

13 presents the binned scatter plot of county unemployment rates against county population density, where

we see a strong relationship between the rise in unemployment rates and counties’ population density. The

disproportionate rise in non-college unemployment in high-density counties suggests that the drop in reported

employment and hours worked in central cities likely resulted from the location-specific decline in labor

demand rather than labor supply. The emergence of the unemployment gap between high-density counties

and low-density counties since the start of the pandemic provides further evidence that the ease of finding jobs

may have diverged across space due to migration.
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3.4 Role of Migration

We now investigate the role migration played in driving the spatial differences in the housing cost growth, job

growth, and changes in unemployment rates. We do so in several steps. First, we plot these price variables of

interest against local net in-migration rates. As demonstrated in Figure 14, the sudden migration trend after

the pandemic started coincides with the faster rent growth (housing cost) in census tracts that are receiving the

migration, but relatively lower rent growth in tracts that are losing the population. The county-level changes

in unemployment rate among college educated changed little during the pandemic, reflecting the fact that

high-skilled population was less affected by the pandemic partially owing to their ability to work from home.

By contrast, county-level changes in unemployment rates for noncollege-educated workers were negatively

correlated with the county-level net inflow of population. In other words, unemployment rate was, on average,

much higher in counties that experienced net population outflow than it was in other counties.

This change in unemployment rate is consistent with the change in the demand for local goods and services

and job growth. In Figure 15, we plot changes in log visits to restaurants and grocery stores against net in-

migration rates as well as changes in employment in the service industries and the professional industries.

We see that visits to local services decreased across the board during the pandemic, but the decline was much

more severe in counties where people are moving out of and less severe in counties where people are moving

to. Consequently, the employment growth in service industries, though also declined across the board, fell

much more in counties experiencing great migration exodus. For professional industries, the relationship

between employment growth and out-migration is much less related.

4 Spatial Equilibrium Model and Welfare

Having documented the basic facts on migration patterns and the equilibrium responses in housing and labor

markets during the pandemic, we next proceed to present a simple spatial equilibrium model to capture the

mechanism of these migration patterns and use it to analyze the welfare effects of these changes. We allow

the location-specific features such as cost of housing and unemployment to affect the well-being of each

population group and allow them to move across locations. In turn, we also allow the cost of housing and

local unemployment to be affected by both migration and residual factors.
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4.1 Workers’ Problem

Let t denote the time, j the city, l the neighborhood, and k his type, which can be H or L. Since each

neighborhood l belong to a specific city, we use j(l) to denote a neighborhood l in city j.14 To the worker,

each location is characterized by a rent price Rj(l)t, commuting time of a representative worker living in

residential neighborhood j(l) is denoted as Zkj(l)t, which is allowed to vary by group. Note that before the

pandemic, Zkj(l)t is likely determined by the geography of jobs and remoteness of j(l). But after the pandemic,

for high-income group, due to the option to work from home, Zkj(l)t and its spatial difference are likely vastly

reduced in most location j(l). Unemployment rate varies at city level ukjt, which is allowed to also vary by

group.

The worker i in each group at each time t who live in neighborhood l of city j would derive utility from

the following equation:

Ukij(l)t = Akj(l)tC
βk
H1−βk

exp(−γZkj(l)t + κij(l)t)

where

C +Rj(l)tH =


W k
jt, with prob 1 − ukjt

Bk
t , with prob ukjt

C is the consumption of tradable goods. H is the consumption of housing services, which are provided

locally. The worker receives wage income W k
jt if he or she is employed and receives social benefit Bk

t if he or

she is unemployed. We assume the probability of being unemployed is captured by the local unemployment

rate at time t in city j for group k: ukjt.

The expected indirect utility for group k at time t living in city j and location l can thus be written as the

following:

V k
ij(l)t = wkjt − ukjt(w

k
jt − bkt ) − (1 − βk)rj(l)t − γkZkj(l)t + κij(l)t

The lower-case variables represent the logged values of the upper-case variables. From this equation, we

can see that a person’s well-being in neighborhood l in city j is given by his/her wage and the unemployment

rates he/she is exposed to. The utility cost of unemployment rates is just the log income loss in the event of

unemployment. Higher housing cost reduces the well-being. Longer commuting time reduces well-being as

well. κij(l)t is the idiosyncratic preference component for neighborhoods. This term represent the unobserved

14For empirical decomposition in our current version, we use county to represent j.
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individual-level shifter of location preference. For the purpose of of performing a simple welfare accounting

analysis of spatial sorting, we do not need to specify the exact form of this variable.15

4.1.1 Housing Supply

Housing is supplied according to an inverse housing supply equation. Since people spend a fraction of their

income on housing expenditure, we let the aggregate housing demand be tracked by log aggregate income

of residents in each location. We assume that log rents respond to local housing demand in each loca-

tion/neighborhood j(l), which is proxied by the local log aggregate income yj(l)t:

rj(l)t = αrt + ψj(l)yj(l)t + ηj(l)t

The inverse elasticity of housing supply can vary by location ψj(l). In our empirical analysis, we allow

it to differ potentially by the Wharton Residential Land Use Regulation Index (WRLURI) (Gyourko et al.,

2019), the fraction of area within a 50-mile radius of MSA downtown that are unavailable for development

(Saiz, 2010), and the neighborhoods’ distance to downtown.

4.2 Labor Market

We allow labor markets to vary at the city level j, rather than neighborhood level j(l), since jobs are accessible

even if they are not located within the neighborhoods of residence due to commuting. In each labor market

among each skill group, the wage offered is a function of local aggregate income. This aggregate income

will increase if more people move into the city, especially the high-skilled workers, who have higher income.

Meanwhile, the wage is also a function of the number of workers in the said skill group that work in city j,

reflecting a downward sloping labor demand.

In addition, we allow the unemployment rate to also be a function of local aggregate income and the

number of workers in the skill group that work in city j.

Specifically, we assume that the low skill workers’ log wage and unemployment in city j is determined as

follows:

wkjt = ιkwt + ξwky yjt + ξwkn nkjt + ζwkjt , and k = H,L (1)

15In prior literature, this term could contain information on whether individual i has local ties to neighborhood l and city j.
This term typically also contains a Type-I Extreme Value distributed term which allows researchers to derive a logit location choice
specification, which do not need to be specified for our purpose.
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ukjt = ιkut + ξuky yjt + ξukn nkjt + ζukjt , and k = H,L (2)

where yj denotes log aggregate income of all people living in city j, and nkj denotes number of people of type

k in city j. Equation (1 and 2) captures how much the increasing local demand can increase wage or reduce

unemployment, and how much the increased local labor supply may reduce wage and increase unemployment.

4.3 Welfare Inequality Due to Pandemic-Era Spatial Sorting

With the utility setup, the local response function of rent, wage, and unemployment, we first conduct an

empirical welfare accounting exercise. The goal of this exercise is to use the utility framework introduced

so far to decompose how much welfare has change for high- and low-skilled populations differently due to

migration and spatial sorting.

The mean expected indirect utility across all the population in group k would be written as:

Ekt(V
k
ij(l)t) = Ektw

k
jt − Ektu

k
jt(w

k
jt − bkt ) − βkEktrj(l)t − γEktZ

k
j(l)t + Ektκij(l)t (3)

From the equation, we see that the well-being decreases with the average exposure to unemployment rates.

The extent of the negative effect of unemployment rates on well-being depends on how much bkt is lower than

wkt . Such difference is related to the replacement rate of unemployment. The well-being is also decreasing in

the average exposure to rents. How much rents reduce well-being depends on βk, which is the budget share

of the housing expenditure, which can be group-specific. Lastly, well-being is also decreasing in the average

commuting time. γ governs how much each unit of commuting is equivalent to log wage. We can calibrate

the value of γ by making the assumption of commuting being two-way, 8-hour workday, and each hour of

commuting time is worth a half of hourly wage.

To compute the change in well-being inequality, we take the first-difference of the welfare equation:

∆Ekt(V
k
ij(l)t) = ∆Ektw

k
jt − ∆Ektu

k
jt(w

k
jt − bkt ) − βk∆Ektrj(l)t − γ∆EktZ

k
j(l)t + ∆Ektκij(l)t

We can see that the welfare effect for each population group is driven by spatial changes in three observ-

able components: 1. wkjt 2. ukjt, 3. rj(l)t, and 4. Zkj′,j(l)t, namely the change in city-level wages, unemploy-

ment rates, local rents, and commuting time. In our current exercise, we do not let local wage change because

we do not have comprehensive wage data at a granular local level, yet. Thus, ξwky and ξwkn are set to zero
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for now. This exercise could be extended to wage once such data become available. Also, even though we

have the pre- and post-pandemic measure of commuting time, such measure only comes in aggregate, not in

detailed geography. Plus, the largest driver of the pandemic-induced change in commuting time is due to the

ability to work from home, which in turn depends on the occupational tasks on the jobs, not spatial sorting.

Therefore, for now, we only focus on the aggregate change in commuting time for the welfare analysis.

We match the unemployment rates for noncollege educated workers to the local low-income group, and

the unemployment rates for college educated workers to the local high-income group, both at county level.

We assign tract-level imputed rents to the local population.

We can see that the change in the average unemployment rates faced by high- and low-income populations

∆Ekt(u
k
jt), k = H,L and the average rent growth faced by high- and low-income populations ∆Ekt(rj(l)t),

k = H,L are the key driving forces behind the impact of spatial sorting on welfare.

4.4 Rent and Unemployment Response to Migration

Since much of the growth in rents and unemployment facing low-income workers are driven by the migration

after the start of the pandemic, we ask how much the rents and unemployment high- and low-income workers

would have faced had the post-pandemic exodus from density did not happen. The answer to this question

would help us gauge how much the rise in rent and unemployment inequality is due to the sudden change in

migration after the pandemic.

To do so, we take the first difference for the rent response function (equation 4.1.1) and the unemployment

response function (equation 2)

∆rj(l)t = ∆αr + ψr∆yj(l)t + ∆ηj(l)t

∆ukjt = ∆ιku + ξuky ∆yjt + ξukn ∆nkjt + ∆ζukjt for k = L,H

We estimate how much the change in log aggregate income in the local neighborhood affects local log rents.

The size of ψk
′
r is affected by the housing supply structures. In the regression, we also allow ψk

′
r to differ

by the Wharton regulation index and the Saiz (2010) measure of land unavailability based on the MSA the

neighborhood belongs to. We also allow ψk
′
r to differ potentially by the distance to downtown.

We also estimate how much the change in the log aggregate income at the county level affects local
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unemployment rates for high- and low-income workers.16 Besides aggregate income, since labor demand is

downward sloping, we also allow unemployment rates for high-skilled workers to potentially decrease as high-

income people moves in, and likewise unemployment rates for low-skilled workers to potentially decrease as

low-income people moves in.

Estimating the effect of the shift in local demand on prices and unemployment can be subject to endogene-

ity concerns. In particular, housing supply shock that could change rents, which could lead to an aggregate

migration flows into and out of the neighborhood. In this case, ψk
′
r may partially reflect the causal effect of

housing demand equation, not just the supply response. Likewise, because higher local unemployment may

drive away population to other locations, ξuky might contain the effect of location choice response to shocks

to unemployment. To get around this and identify the effect of local income on these outcomes, we employ

an IV approach.

To construct the IVs for local log aggregate income, we exploit the fact that the availability of telework

enabled many workers to out-migrate from locations with convenient access to their job locations. First, in

each MSA, for high- and low-income populations, respectively, we compute the shares of the population who

work in telework-compatible jobs, based on pre-pandemic data. Then, for each neighborhood, we calculate the

number of jobs that are telework-compatible located within a 3-mile radius and compute the average access to

telework-compatible at the county level. Finally, we interact the group-specific share of telework-compatible

jobs at the MSA level with each county’s average access to telework-compatible jobs (within 3 miles). We

use the interactive IVs to identify how much the change in local aggregate income affect the change in local

unemployment rates, controlling for the ∆nkjt, the net inflow of the group-specific log population. Table 1

shows the estimates for all three equations (rent, unemployment for high- and low-skilled workers).

Once we estimate the parameters ψr, ξuky , ξukn , k′ = L,H and k = L,H , that allows us to calculate the

counterfactual rent and unemployment rate growths where we set all post-pandemic net migration to zero:
16We use the CPS microdata to estimate the unemployment rates at the county level for high- and low-skilled workers over time.

Unfortunately, the CPS microdata only contains the county geocode for a limited set of counties (mostly large counties) due to
disclosure risk for the CPS respondents. Therefore, to conduct the study for the nation, we need to utilize other data to do impute
for the unemployment rates for other counties. Fortunately, we have detailed information on job growth from the QCEW data at the
county level. We also have the BLS LAUS annual average unemployment rates. To impute unemployment rates, we first estimate a
regression model using the counties for which the CPS microdata county geocode is available. We estimate the following regression:

uk
jt = δj + δt + a1t∆ ln empservicejt + a2t∆ ln empmanu

jt + a3t∆ ln empprofjt + a4tu
LAUS
jt + εkjt

Since we observe ∆ ln empservicejt , ∆ ln empmanu
jt , ∆ ln empprofjt , and uLAUS

jt for all counties in the U.S., we are able to do out-of-
sample prediction for all uk

jt. The imputation uses highly detailed information on job growth and the annual average unemployment
rates.

21



∆yj(l) = 0 and ∆nkj(l) = 0:

∆r̂j(l)t = ∆αr + ∆ηj(l)t

∆ûkjt = ∆ιku + ∆ζjt for k = L,H

4.5 Empirical Welfare Decomposition Due to Spatial Sorting

Next, we use the spatial counterfactuals in rent and unemployment rates to try to dissect the spatial change

in rents and unemployment ∆Ekt(u
k
jt) and ∆Ekt(rj(l)t), and determine how much these changes are due to

spatial sorting.

We can write down the change in the mean rents and unemployment faced by the average population of

type k in the following way:

∆Ekt(rj(l)t) =
(
Ekt(rj(l)t) − Ek,t−1(rj(l)t)

)︸ ︷︷ ︸
Due to Migration

+
(
Ek,t−1(rj(l)t) − Ek,t−1(r̂j(l)t)

)︸ ︷︷ ︸
Migration-Induced rj(l)t−r̂j(l)t

+
(
Ek,t−1(r̂j(l)t) − Ek,t−1(rj(l),t−1)

)︸ ︷︷ ︸
Counterfactual ∆r̂j(l)t

∆Ekt(u
k
jt) =

(
Ekt(u

k
jt) − Ek,t−1(ukjt)

)
︸ ︷︷ ︸

Due to Migration

+
(
Ek,t−1(ukjt) − Ek,t−1(ûkjt)

)
︸ ︷︷ ︸

Migration-Induced ukjt−ûkjt

+
(
Ek,t−1(ûkjt) − Ek,t−1(ukj,t−1)

)
︸ ︷︷ ︸

Counterfactual ∆ûkjt

We can see that the changing rent faced by the average person is driven by three components:

First, it is driven by the change in spatial distribution of population across locations due to migration over

time, assuming rent in each neighborhood is fixed at a level observed at time t, rj(l)t. This component captures

how much population of type k moved toward or away from locations with high rent levels.

The second component is the amount of change in rent driven by the equilibrium response of rent change

due to migration, holding the spatial distribution of population type k constant over time. As discussed and

demonstrated earlier, migrations have led to changes in rents across space. This component would drive up the

average rent faced by population if locations where type k population is concentrated experienced an influx

or an exodus of people over time.

The third component is the part of the changing rent driven by factors unrelated to migration, which would

have happened even if the migration and spatial sorting did not take place. It could be due to macroeconomic

factors or change in expectation of local home values.

To understand the how much spatial sorting affected the well-being of high- and low-income populations,

our goal is to calculate the first two components of the change in rents and change in unemployment faced by
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each population. To do so, we first compute the observed change in rents and unemployment rates experience

by the average population of group k: ∆Ekt(rj(l)t) and ∆Ekt(u
k
jt). Then, with the counterfactual rent growth

and change in unemployment rates calculated from before r̂j(l)t, ûkjt, we compute the average counterfactual

change in rents and unemployment with migration entirely shut down (spatial distribution of populations

remain at time t−1): Ek,t−1(r̂j(l)t)−Ek,t−1(rj(l),t−1),Ek,t−1(ûkjt)−Ek,t−1(ukj,t−1). The difference between

the observed changes in rent and unemployment and the counterfactual changes with no move is the effect of

spatial sorting on rent and unemployment exposure.

Table 4 presents the results of the decomposition. The left panel shows the decomposition for unemploy-

ment rates and the right panel shows the decomposition for log rents.

Unemployment Rates In Panel A where we look at the national population, we can see that the observed

unemployment rates have increased for both high- and low-income groups, especially for the low-income

group. But if we hold back migration (no move), the counterfactual unemployment rates increased slightly

for high-income population but decreased for low-income population. This is likely due to cross-county and

cross-MSA migration into lower density counties and MSAs, which benefits the low-income population who

disproportionately living in smaller metro areas.

Besides the national decomposition, we can also zoom in and look at different metro areas. We can see that

for the star cities, such as New York, Los Angeles, and San Francisco, where we see the very high surge of out-

migration, shown in Table A2, spatial sorting has led to a strong rise in unemployment rates, especially for the

low-income population living in those cities. This is intuitive because higher out-migration reduced the labor

demand in these cities. If we move to smaller MSAs, we can see that the positive effect of spatial sorting

on unemployment is reduced and turns negative if we look at MSAs that are ranked below 25th or below

100th. Because the unemployment rate of low-skilled workers are much more sensitive to the change in local

demand for services, the inflow of population into the smaller cities benefited the low-income population there

disproportionately. Since low-income population are more disproportionately located in smaller cities in the

U.S., spatial sorting slightly reduced the unemployment of the national low-income population on average.

Rents Next, we can look at the rent decomposition. If we look at the observed rent over the pandemic at

the national level, rent (including the equivalent rent for owners) increased by close to 9% between Q1 2020

to Q1 2021. The number is likely higher if we extend to Q3 2021 (to be updated later). However, once we

remove migration (no move), the counterfactual rent growth is larger substantially, especially for the rent
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growth experienced by low-income group, 12.14%, compared to 11% for high-income population, implying

that spatial sorting led to 3.29% lower rent growth for low-income population and 2.24% lower rent growth

for high-income population. As we have shown in our reduced-form migration results, this relatively larger

reduced rent exposure by the low-income population is likely driven by the fact that the within-MSA and

within-county migration disproportionately pulls away housing demand from lower-income neighborhoods

in the wake of the pandemic and lowers rents more in those neighborhoods.

Similar to unemployment rates, we can also zoom into different MSAs for rents. For the star cities where

the out-migration has led to a dramatic outward shift in housing demand, spatial sorting has led to 7.8% lower

rent growth for the low-income population and 6.8% lower rent growth for the high-income population, much

larger than the national numbers. This is due to the housing demand shifted away from these star cities.

Importantly, spatial sorting reduced rent growth more for low-income population more, even within these star

cities, indicating that the cross-neighborhood sorting within these cities has lowered rent much more in lower-

income neighborhoods. If we look down the ranking, the effect of spatial sorting gets somewhat smaller,

but unlike unemployment rates, the effect of spatial sorting continues to be negative on rents throughout the

rankings, especially for the low-income population.

This reflect the welfare consequences of the general patterns of outflows from previously crowded neigh-

borhoods to neighborhoods with lower population density. The effect of the out-migration lowered rents in

more populated areas but only increased rents in less populated areas, lower the rent growth experienced by

the average person, both high- and low-income. Moreover, during the pandemic, migration flowed generally

from places with lower housing supply elasticities to places with higher housing supply elasticities, which

means that the rent decrease due to migration is generally larger than the rent increase due to migration, fur-

ther contributing to the overall decrease in rent growth. Finally, as we have mentioned earlier, the sorting

within cities shifts housing demand away from neighborhoods with a poor population, and thus the change in

rents would disproportionately lower the rent burdened by the low-income population.

4.6 Commuting, Spatial Sorting and Welfare

With the decomposition exercises done, we finally conduct our welfare accounting exercise, using the results

of the earlier exercises. We apply the decomposition with the mean expected utility of equation 3.

We can see from the utility that the marginal utility of log wage income is 1. Therefore, the unit of the

utility is equivalent to log wage income, which we use as a basic unit of welfare in our paper. Since for the
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time being, we shut down spatial-time variation in wage due to the lack of timely spatial wage data, the drivers

of welfare in our model framework is unemployment rate ukjt, rent rj(l)t, and commuting time Zkj(l)t.

We focus on spatial sorting’s role on welfare through the change in unemployment rates and rents experi-

enced by high- and low-income populations. While it is possible that the workers’ commuting time may also

be affected by spatial sorting, the main driver of the change in commuting time Zkj(l)t for most people across

different population groups during the pandemic is likely their differential ability to work from home and

avoid physical commuting. Of course, it is certainly possible that the migration to more remote residential

locations may have increased commuting time for some, which can certainly be relevant for welfare, we do

not have spatial data on commuting time just yet. For the time being, we only account for the welfare effect

of the change in commuting time using aggregate time-use data.

Effect of Commuting Time Reduction With the American Time Use Survey data for the year 2019 and

2020, we are able to calculate the average commuting time by year for college-educated and non college-

educated workers, separately, for each year. Compared to 2019, college-educated workers’ (the average in-

cludes unemployed workers looking for work, while those not in the labor force are dropped) commuting time

is reduced from 34.78 minutes to 20.90 minutes. In contrast, non college-educated workers’ commuting time

is reduced from 32.48 minutes to 27.90 minutes. If we account for the fact that 2 out of the 12 months during

2020 are pre-pandemic, assuming the commuting time in those initial months were unchanged from 2019’s

numbers, the pandemic commuting time would be 18.13 minutes and 26.98 minutes, respectively. Commut-

ing time is reduced by 44% and 17% for college and non-college workers, respectively. Based Le Barbanchon

et al. (2020), if we assume the preference elasticity between wage and commuting time is around 0.135, it

implies that the reduction of commuting time represents a welfare gain equivalent to a 5.94% increase in log

wage for college-educated workers, 2.3% increase in log wage for non college-educated workers.17

4.6.1 Welfare Effect of Spatial Sorting

Table 5 shows the log wage equivalent welfare effect of the change in unemployment rates and rents expe-

rienced by the high- and low-income populations, separately. To do the welfare calculation, we assume the

budget share βk is 26.7% for the low-income population and 42.8% for the high-income population (Diamond

and Moretti, 2021). The marginal utility of unemployment is the loss of log income in the event of unem-
17Le Barbanchon et al. (2020) estimate that the wage and commuting time preference elasticity is 0.148 for women and 0.121 for

men. We take the simple average from their estimates for the two genders.
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ployment. We calibrate the number of -0.2 for our baseline calculations, which are shown on the left panel of

the table. However, it is also likely that the federal UI benefits provided during the pandemic may have sub-

stantially reduced or eliminated the income loss due to unemployment after the pandemic for the low-income

workers (Bitler et al., 2020; Ganong et al., 2020). Therefore, we conduct another set of calculations assuming

that the loss of log income due to unemployment is zero for low-income workers after the pandemic. That set

of calculations is shown on the right panel of the table. We keep both panels in our results and we can see

that the welfare results for the average population nationally do not differ by much, implying that much of the

welfare change due to spatial sorting comes from people’s exposure to lower rent growth.

As in the decomposition exercise, we also zoom into metro areas with different sizes to see how much the

welfare impact of spatial sorting differs across space. In the star cities, the welfare improved, especially for

the low-income population. This is largely due to the rent relief caused by out-migration of housing demand.

Note that if we assume that the federal UI brought replacement rate to 100%, the effect of spatial sorting is

even more positive for the low-income population living in the star cities. Unemployment rates in the star

cities skyrocketed due to out-migration of labor demand. If income loss during unemployment is completely

mitigated by the UI program, the welfare loss due to the rise in unemployment would have been entirely

avoided, leaving only welfare gain from the lower rent growth.

As we move down the city rankings, the welfare gain on the part of the low-income population decreases.

This is because smaller cities saw an influx of housing demand and thus a faster growth in rent on average due

to spatial sorting. However, even though the welfare gain due to spatial sorting gets much smaller in smaller

cities, it does not turn negative, because even though smaller cities saw an average influx of population city-

wide, within-city migration still occurred in the direction from lower-income neighborhoods to higher-income

neighborhoods. This lead to a disproportionately lower rent growth experienced by the average low-income

person even in the smaller cities.

5 Conclusion

In this paper, we use the FRBNY Consumer Credit Panel/Equifax micro data data to document detailed

migration patterns across cities and neighborhoods in the U.S. before and after the start of the COVID-19

pandemic. Due to the sudden rise of the option to work from home, a large number of people moved out of

dense neighborhoods near city centers to suburban neighborhoods with lower density. Also, many moved from
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MSAs with high population density and high cost of living to MSAs with lower population density and lower

cost of living. We show that the rise in migration toward the suburbs and lower-density/lower-cost MSAs

were disproportionately driven by high-income residents. We highlight that the new spatial sorting patterns

observed during the pandemic is partially “reversing” the spatial sorting seen over the past few decades.

As a result of the migration and spatial sorting, housing cost rose in the destination locations but decline in

the origin locations. Job grew faster and unemployment fell more in the destination locations and the opposite

occurred in the origin locations. We show that the divergent growth in housing costs and unemployment rates

across space due to spatial sorting led to a an increase in welfare experienced by both high- and low-income

population, but especially by low-income population. This implies that spatial sorting in the wake of the

pandemic led to a narrowing of welfare inequality.

Part of the reason behind this welfare result is that in U.S. cities, low-income population disproportionately

lives in denser and more centrally located neighborhoods and high-income population tends to live in farther

and more suburban neighborhoods. The large wave of migration from high-density central neighborhoods to

low-density suburban neighborhoods relieved the rent growth faced by the average low-income population

much more than that face by the average high-income population.

On the other hand, across MSAs, low-income people are more likely to reside in smaller MSAs with

lower population density. Thus, the wave of cross-MSA migration toward lower-density MSAs brought job

opportunities to low income population, reducing the unemployment rates faced by them.

We argue these migration patterns and their welfare implications serve as a valuable lesson as to how

the increasing prevalence of the working-from-home arrangement among the high-income population may

indirect benefit the low-income population through spatial equilibrium effect.
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Figure 1: Data Validation: Moving Rates

Note: This binned scatter plot compares county-level in-migration rates between March 2017 and December 2018 from the CCP data

against the moving rates from ACS 2018 1-year survey. The shaded area represents 95% confidence band. The dots are weighted raw

data. Data source: FRBNY Consumer Credit Panel/Equifax, American Community Survey.
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Figure 2: Binned scatterplot: Net Quarterly In-Migration Rate, Pre- and Post-Q1 2020.

(a) Distance to Downtown (b) Population Density

(c) Initial Rent (d) Nearby Telework-Compatible Jobs

Note: In each of the subfigures, we show the binned scatterplot of the average net quarterly in-migration rate at the level of census

tract during the period Q1 2019 - Q1 2020 and the period Q1 2020 - Q3 2021, respectively, against a selected tract-level characteristic.

The net quarterly in-migration rate in each census tract is defined as the net inflow of population divided by the population of the

receiving census tract in the preceding quarter. We plot net in-migration rate against a) distance to downtown, b) population density,

c) initial rent, and d) nearby telework-compatible jobs. Initial rent is the average rent taken from the 2013-2017 ACS at census tract

level. To impute the implied rents of the owners, we multiply the reported home value by 0.0785 (Peiser and Smith 1985, Diamond

2016). To compute the nearby telework-compatible jobs, we first impute the number of jobs by industry from the 2016 Zip Code

Business Patterns data at ZIP Code level. We then use an industry-occupation crosswalk to impute the job distribution for each

occupation across ZIP Code. Then, for each census tract, we compute the number of jobs located within a 3-mile radius that can

be categorized as telework-compatible (Dingel and Neiman 2020, Su 2020). Data source: FRBNY Consumer Credit Panel/Equifax,

American Community Survey/IPUMS NHGIS, and Holian and Kahn (2015).
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Figure 3: Binned scatterplot: Net Quarterly In-Migration Rates across MSAs, Pre- and Post-Q1 2020

(a) MSA Population (b) Population Density

(c) Rent (d) Share of Telework-Compatible Jobs

Note: In each of the subfigures, we show the binned scatterplot of the net quarterly in-migration rate at the level of MSA during

the period Q1 2019 - Q1 2020 and the period Q1 2020 - Q3 2021, respectively, against a selected MSA-level characteristic. The

net log inflow of population in each MSA is defined as the net inflow of population divided by the population of the receiving MSA

in the preceding quarter. We plot net in-migration rate against a) MSA’s population, b) MSA’s population density, c) MSA’s initial

rent, and d) MSA’s share of jobs that are telework-compatible. To compute the share of jobs that are telework-compatible at MSA

level, we use the 2013-2017 ACS and assign each occupation into two categories: telework-compatible or not. For each MSA, we

calculate the share of jobs that are telework-compatible (Dingel and Neiman 2020, Su 2020). Data source: FRBNY Consumer Credit

Panel/Equifax, American Community Survey/IPUMS NHGIS.
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Figure 4: Net Migration Rate from Central Cities of the Largest 25 Metros

Note: We define central cities as census tracts located within a 5-mile radius of the city center of each MSA. Suburbs are census

tracts that are located outside of the 5-mile radius. For each MSA’s central city, we compute the inflows and outflows between it and

suburbs in the same metro, suburbs in other metros, and central cities in other metros. For net migration rates from central cities to the

suburbs within metro, we calculate the net flows from the central city tracts to the suburban tracts within the same metro divided by

the total number of residents living in the central city at the beginning period. We define the other net moves using the same method.

Data source: FRBNY Consumer Credit Panel/Equifax, Holian and Kahn (2015).
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Figure 5: Income and Education Attainment vs. Risk Scores

(a) Income vs. Risk Scores

(b) Tract Median Income vs. High-Score Share (c) Tract College Share vs. High-Score Share

Figure 5a shows the binned scatter plot which depicts the relation between individual income and his/her Risk Score for years 2018

to 2021. Data source: HMDA-McDash-CRISM Match, 3rd Generation. Figure 5b shows the binned scatter plot which depicts the

relation between the median income of a census tract and the census tract’s population share of residents who have Risk Scores at

least 720. Figure 5c shows the binned scatter plot which depicts the relation between each census tract’s population share of college

educated residents and the population share of residents who have Risk Scores at least 720. Data source: FRBNY Consumer Credit

Panel/Equifax, American Community Survey/IPUMS NHGIS.
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Figure 6: Binned scatterplot: Post Q1 2020 Net In-Migration Rate by Census Tract, by Risk Score

(a) Distance to Downtown (b) Density

(c) Telework Jobs Nearby (in 1,000)

Note: In each of the subfigures, we show the binned scatterplot of the net in-migration rate at the level of census tract for the subsample

of people whose Risk Scores are below 720 and the subsample of people whose Risk Scores are at least 720, against a selected tract-

level characteristic. We plot the inflow between Q1 2020 and Q3 2021. The net quarterly in-migration rate in each census tract is

defined as the net inflow of population divided by the population of the receiving census tract in the preceding quarter. We plot net in-

migration rate by Risk Score against a) distance to downtown, b) population density, c) initial rent, and d) nearby telework-compatible

jobs. Initial rent is the average rent taken from the 2013-2017 ACS at census tract level. To impute the implied rents of the owners,

we multiply the reported home value by (Peiser and Smith 1985, Diamond 2016). To compute the nearby telework-compatible jobs,

we first impute the number of jobs by industry from the 2016 Zip Code Business Patterns data at ZIP Code level. We then use an

industry-occupation crosswalk to impute the job distribution for each occupation across ZIP Code. Then, for each census tract, we

compute the number of jobs located within a 3-mile radius that can be categorized as telework-compatible (Dingel and Neiman 2020,

Su 2020). Data source: FRBNY Consumer Credit Panel/Equifax, American Community Survey/IPUMS NHGIS.
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Figure 7: Tract-to-Tract Flow Regression: High-Scored Movers vs. Low-Scored Movers

(a) Distance to Downtown (b) Density

(c) Nearby Telework-Compatible Jobs (in 1,000)

Note: The plotted numbers are the average changes in a) distance to downtown, b) density, c) number of nearby telework-compatible

jobs, between the destination neighborhoods and the origin neighborhoods. The sample contains all moves. We plot the results

separately for movers with Risk Scores below 720 and above 720. The vertical lines represents the 95% confidence interval. Data

source: FRBNY Consumer Credit Panel/Equifax, American Community Survey/IPUMS NHGIS, and Holian and Kahn (2015).
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Figure 8: Binned scatterplot: Post Q1 2020 Net In-Migration by MSA, by Risk Score

(a) MSA Population (b) MSA Density

(c) Share of Telework Jobs

Note: In each of the subfigures, we show the binned scatterplot of the net in-migration rate at the MSA level for the subsample of

people whose Risk Scores are below 720 and the subsample of people whose Risk Scores are at least 720, against a selected tract-

level characteristic. We plot the inflow between Q1 2020 and Q3 2021. The net quarterly in-migration rate in each MSA is defined

as the net inflow of population divided by the population of the receiving MSA in the preceding quarter. We plot net in-migration

rate against a) MSA’s population, b) MSA’s population density, and d) MSA’s share of telework-compatible jobs. To compute the

share of jobs that are telework-compatible at MSA level, we use the 2013-2017 ACS and assign each occupation into two categories:

telework-compatible or not. For each MSA, we calculate the share of jobs that are telework-compatible (Dingel and Neiman 2020,

Su 2020). Data source: FRBNY Consumer Credit Panel/Equifax, American Community Survey/IPUMS NHGIS.
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Figure 9: Metro-to-Metro Flow Regression: High-Scored Movers vs. Low-Scored Movers

(a) MSA’s Population (b) MSA’s Density

(c) MSA’s Share of Telework Jobs

Note: The plotted numbers are the average changes in a) MSA’s population, b) MSA’s population density, and c) MSA’s share of

telework-compatible jobs, between the destination MSAs and the origin MSAs. The sample contains all moves. We plot the results

separately for movers with Risk Scores below 720 and above 720. The vertical lines represents the 95% confidence interval. Data

source: FRBNY Consumer Credit Panel/Equifax, American Community Survey/IPUMS NHGIS.
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Figure 10: Spatial Variation in Rent Growth within and across MSAs

(a) Distance To Downtown (b) MSA-Level Population Density

Notes: Figure 10a plots the change in log rents by distance to downtown, controlling for MSA fixed effect. We study the period

between Q1 2020 and Q1 2021. We average the log change of the rent index reported in Zillow Research with the log change in

HPI reported by CoreLogic weighted by each census tract’s share of renters and owners, respectively. Figure 10b plots the change

in log rents at the MSA level against the MSA’s population density. Data source: CoreLogic, American Community Survey/IPUMS

NHGIS, Zillow.

Figure 11: Spatial Variation in Demand for Local Services Across Counties

(a) Restaurants (b) Grocery Stores

Notes: We plot the change in log visits from Q1 2020 to Q1 2021 to restaurants and grocery stores at the county level against the

population density at the county level. Data Source: SafeGraph, American Community Survey/IPUMS NHGIS.
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Figure 12: Spatial Variation in Job Growth Across Counties

(a) Service Industries (b) Professional Services

Notes: We plot the change in log employment from Q1 2020 to Q1 2021 in the service industries (NAICS: 23, 42, 44-45, 72) and

professional service industries (NAICS: 51, 52, 54) at the county level against the population density at the county level. Data Source:

Quarterly Census of Employment and Wages/Bureau of Labor Statistics, American Community Survey/IPUMS NHGIS.

Figure 13: Spatial Variation in the Change in Unemployment Rates Across Counties

(a) College-Educated Unemployment Rates (b) Noncollege-Educated Unemployment Rates

Notes: We plot the change in unemployment rates from Q1 2020 to Q1 2021 for college-educated workers and noncollege-educated

workers at the county level against the population density at the county level. Data Source: Current Population Survey/IPUMS CPS,

American Community Survey/IPUMS NHGIS.
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Figure 14: Migration (Pre- and Post- Pandemic), Rent, and Unemployment

(a) Rent Growth - Pre-Q1 2020 (b) Rent Growth - Post-Q1 2020

(c) Change in Unemp Rates (College) - Pre-Q1
2020

(d) Change in Unemp Rates (College) -
Post-Q1 2020

(e) Change in Unemp Rates (Noncollege) -
Pre-Q1 2020

(f) Change in Unemp Rates (Noncollege) -
Post-Q1 2020

Note: In each of the figures, we plot rent growth and changes in unemployment rates against the net in-migration rate across locations

over two separate periods: Q1 2019 - Q1 2020 (Pre-Q1 2020) and Q1 2020 - Q1 2021 (Post-Q1 2020). We compute the change in

log rent at the census tract level. We average the log change of the rent index reported in Zillow Research with the log change in

HPI reported by CoreLogic weighted by each census tract’s share of renters and owners, respectively. We use the CPS microdata to

measure the unemployment rates for college-educated and noncollege-educated workforce for each county. Data Source: FRBNY

Consumer Credit Panel/Equifax, Current Population Survey/IPUMS CPS, Zillow, CoreLogic.

43



Figure 15: Post-Pandemic Migration, Local Services and Job Growth

(a) Change in Log Visits to Restaurants -
Post-Q1 2020

(b) Change in Log Visits to Grocery - Post-Q1
2020

(c) Change in Log Employment (Services) -
Post-Q1 2020

(d) Change in Log Employment (Professional)
- Post-Q1 2020

Note: We use data from SafeGraph to compute the aggregate visits to restaurants and grocery stores in each census tract over time.

Figure 15a and 15b show the binned scatter plots of the change in log visits against the net in-migration rate between Q1 2020 and

Q1 2021. We use the Quarterly Census of Employment and Wages (QCEW) to compute the change in log employment at county

level among the service industry (NAICS: 23, 42, 44-45, 72) and the professional industry (NAICS: 51, 52, 54). Figure 15c and 15d

show the binned scatter plot of the change in log employment in these industries against the net in-migration rate between Q1 2020

and Q1 2021. Data Source: FRBNY Consumer Credit Panel/Equifax, Quarterly Census of Employment and Wages/Bureau of Labor

Statistics.
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Figure 16: Within- and Cross-MSA Migration vs. Population Composition

(a) Tract-Level Share of Risk Score≥720 (b) Tract-Level Income

(c) MSA-Level Share of Risk Score≥720 (d) MSA-Level Income

Note: In Figure 16a and 16b, We show the binned scatter plots of the net in-migration rate at the census tract level against the tract’s

initial population share of residents with Risk Scores ≥ 720 and the median income observed in the 2013-2017 ACS data. We add

in MSA-level fixed effect so that the plotted relationship is driven by within-MSA variation. Figure 16c and 16d show the binned

scatter plots of the net log inflow at the MSA level against the MSA’s initial population share of residents with Risk Scores ≥ 720

and the median income at MSA level. Data Source: FRBNY Consumer Credit Panel/Equifax, American Community Survey/IPUMS

NHGIS.
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Table 1: Net In-Migration and Local Neighborhood Characteristics, by Risk Score

Dep Var: Ln Net In-Migration

Pre-Pandemic Post-Pandemic Change

Distance to downtown High 0.00185*** 0.00355*** 0.00170***
(0.000186) (0.000187) (0.000261)

Low 0.00133*** 0.00246*** 0.00113***
(0.000163) (0.000168) (0.000238)

Density High -0.00303*** -0.00512*** -0.00210***
(0.000480) (0.000491) (0.000673)

Low -0.00285*** -0.00339*** -0.000537
(0.000430) (0.000454) (0.000634)

Telework Jobs High -0.00621*** -0.0115*** -0.00533*
(0.00226) (0.00227) (0.00322)

Low -0.00330 0.00399*** 0.00730**
(0.00243) (0.00245) (0.00353)

Restaurants High 0.0435*** 0.0260*** -0.0175
(0.00897) (0.00895) (0.0127)

Low 0.0404*** -0.00445 -0.0448***
(0.00938) (0.00932) (0.0136)

Pre-Pandemic Rents High -0.0387*** -0.0351*** 0.00356
(0.00569) (0.00570) (0.00795)

Low 0.00713 -0.00607 0.00106
(0.00563) (0.00588) (0.00824)

Median Income (1,000 K) High 0.995*** 1.27*** 0.000278**
(0.0849) (0.0836) (0.000118)

Low 0.607*** 0.767*** 0.000160
(0.0847) (0.0944) (0.000125)

Black Share High 0.00829 -0.0236*** -0.0319*
(0.0118) (0.0115) (0.0164)

Low -0.0260*** -0.0279*** -0.00186
(0.00783) (0.00799) (0.0115)

Hispanic Share High -0.0244*** -0.0246*** -0.000202
(0.0106) (0.0105) (0.0150)

Low -0.0905*** -0.0795*** 0.0110
(0.00906) (0.00937) (0.0133)

Observations 412,314 403,504

Note: We regress the net log inflow of population at the census tract level against various tract-level character-
istics. The net log inflow of population are over quarters. Pre-pandemic designates quarter-to-quarter periods
between Q1 2019 and Q1 2020, and post-pandemic designates quarter-to-quarter periods between Q1 2020 and
Q1 2021. Density, share of telework jobs, and pre-pandemic rents are defined similarly as in the figures. Income
is measured as the median income level at the census tract level. Black and Hispanic shares are calculated as the
fraction of the population of each census tract who are Black or Hispanic. Demographics data come from the
American Community Survey/IPUMS NHGIS. We include quarter fixed effects in the regression. We cluster
the standard error at the census tract level. *** p < 0.01, ** p < 0.05, *p < 0.1.
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Table 2: Net In-Migration across MSAs by MSA Characteristics, by Risk Score

Dep Var: Ln Net In-Migration

Pre-Pandemic Post-Pandemic Change

Density High -0.0289*** -0.0518*** -0.0229***
(0.00607) (0.00816) (0.00246)

Low -0.0258*** -0.0453*** -0.0195***
(0.000480) (0.00605) (0.00160)

Share of Telework Jobs High 1.0285*** 0.168 -0.861***
(0.496) (0.550) (0.210)

Low 0.640 0.224*** -0.416**
(0.463) (0.463) (0.172)

Pre-Pandemic Rents High 0.277* 0.235*** -0.0418
(0.153) (0.183) (0.0605)

Low -0.113 -0.160 -0.0468
(0.151) (0.167) (0.0536)

Income (1,000 K) High -0.0111*** -0.0107*** 0.000373
(0.00371) (0.00408) (0.00128)

Low -0.00149 -0.00177 -0.000276
(0.00395) (0.00423) (0.00116)

Black Share High -0.413** -0.441** -0.0284
(0.163) (0.189) (0.0977)

Low -0.198 -0.0666 0.131**
(0.157) (0.185) (0.0661)

Hispanic Share High -0.133 -0.179 -0.0461
(0.149) (0.194) (0.0710)

Low 0.0605 0.117 0.0562
(0.150) (0.163) (0.0567)

Observations 1,640 1,640

Note: We regress the net log inflow of population at the MSA level against various MSA-level characteristics.
The net log inflow of population are over quarters. Pre-pandemic designates quarter-to-quarter periods between
Q1 2019 and Q1 2020, and post-pandemic designates quarter-to-quarter periods between Q1 2020 and Q1
2021. Income is measured as the average of the census tract-level median income aggregate to the MSA
level, weighted by census tract population. Black and Hispanic shares are calculated as the fraction of the
population in each MSA who are Black or Hispanic. Demographics data come from the American Community
Survey/IPUMS NHGIS. We include quarter fixed effects in the regression. We cluster the standard error at the
MSA level. *** p < 0.01, ** p < 0.05, *p < 0.1.
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Table 3: IV Regression: Effects of Migration on Local Unemployment Rate and Rents

Non-College College Ln Rent Ln Rent
Ump Rate Ump Rate

∆ Local y -3.970*** -1.2836** 1.9953*** 1.5303***
(0.8775) (0.6164) (0.0669) (0.4080)

Net Log In-migration - Low-Income 3.871***
(1.194)

Net Log In-migration - High-Income 0.7541**
(0.3524)

∆ Local y × Saiz (2010) Land Unavailability 0.1533
(0.2896)

∆ Local y × WRLURI Regulation Index 0.7470***
(0.1221)

∆ Local y × Distance to Downtown -0.07293***
(0.00845)

Observations 2,511 2,511 122,048 121,352

Note: We regress non-college and college unemployment rates at the county level on the change in log aggregate income. The
unemployment rates are imputed for all counties using method described in footnote 16. We designate the net in-migration of
the population who have Risk Score ≥ 720 as high-income and other as low-income. To compute the log aggregate income,
we compute the aggregate income of the high-income by multiplying the number of the residents with Risk Score ≥ 720
with $80,000, and we compute the aggregate income of the low-income by multiplying the number of residents with Risk
Score < 720 with 30, 000. The change in log aggregate income is driven by the in-migration of high- and low-income
populations weighted by the income levels we assign. To identify the causal effect of log aggregate income of populations on
unemployment rates, we construct the following variables as IVs. For each MSA, we calculate the shares of college-educated
workers and noncollege-educated workers, respectively, who work in telework-compatible occupations. We then average each
tract’s number of nearby jobs (3-mile radius) that are telework-compatible up to the county level. We construct the IVs as the
those variables and their interactions. *** p < 0.01, ** p < 0.05, *p < 0.1.
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Table 4: Unemployment, Rents, and Spatial Sorting

Unemployment Rates Log Rents

High Low Dif High Low Dif

A. National

Observed ∆ +0.01078 +0.04175 -0.03097 +0.0878 +0.0886 -0.00076

No Move With ∆ûkjt and ∆r̂jt +0.0094 +0.04457 -0.0352 +0.1101 +0.1214 -0.0103

Effect of Spatial Sorting +0.00138 -0.0028 +0.00418 -0.0224 -0.0329 +0.0105

B. Star Cities: New York, Los Angeles, San Francisco

Observed ∆ +0.02928 +0.07302 -0.04374 +0.0515 +0.0555 -0.004

No Move With ∆ûkjt and ∆r̂jt +0.1198 +0.05493 -0.02954 +0.1198 +0.1341 -0.0143

Effect of Spatial Sorting +0.0040 +0.01809 -0.0142 -0.0683 -0.0786 +0.0103

C. Largest 25 MSAs (Minus Star Cities)

Observed ∆ +0.01201 +0.04986 -0.03785 +0.0855 +0.0879 -0.0024

No Move With ∆ûkjt and ∆r̂jt +0.01111 +0.04844 -0.03733 +0.1017 +0.1149 -0.0132

Effect of Spatial Sorting +0.00090 +0.0014 -0.0005 -0.0161 - 0.0270 +0.0109

D. MSA Ranked 26 - 100

Observed ∆ +0.0063 +0.03859 -0.03229 +0.1031 +0.1026 +0.0005

No Move With ∆ûkjt and ∆r̂jt +0.0056 +0.04567 -0.04007 +0.1022 +0.1142 -0.012

Effect of Spatial Sorting +0.0007 -0.0063 +0.007 +0.00086 -0.0116 +0.0125

E. MSA Ranked 101+

Observed ∆ +0.00354 +0.02613 -0.02259 +0.1144 +0.1087 +0.0057

No Move With ∆ûkjt and ∆r̂jt +0.0026 +0.0362 -0.0336 +0.1149 +0.1235 -0.0086

Effect of Spatial Sorting +0.00094 -0.0101 +0.01104 -0.00051 -0.0148 +0.0143

Note: In this table, we show the change in unemployment rate and log rents from Q1 of 2020 to Q1 of 2021 experienced
by high- and low-income population groups separately. We conduct the decomposition exercise using the national data. For
unemployment rate, we do so at the county level; for log rents, we do so at the census tract level. The decomposition exercises
are all done with the national sample. To show the spatial heterogeneity in welfare effect of sorting, we select the effect for
the nation, start cities (New York, Los Angeles, and San Francisco MSAs), the largest 25 MSAs (minus the start cities), MSAs
ranked 26th to 100th, and MSAs ranked lower than 101st. For the observed ∆, we assign the unemployment rate of the county
and log rent of the census tract the person live in, and we compute the average unemployment rate and log rent by taking the
average in the before- and after-period, separately. For the “no move with ∆ûkjt and ∆r̂jt”, we assume that unemployment
rate and rent responses due to migration are eliminated, and we take the averages in both period using the locations of people
seen in the previous period (Q1 of 2020). The effect of spatial sorting is implied by the difference between the observed ∆ and
the no move numbers.
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Table 5: Welfare Decomposition - Spatial Sorting vs. Aggregate Change

∆E(Vkjt) due to ∆ukjt and ∆rjt

Income Loss While Unemployed
bkt − wkt = −0.2 bL,t−1 − wL,t−1 = −0.2, bLt − wLt = 0

bHt − wHt = −0.2
High Low Inequality High Low Inequality

A. National

Observed ∆ -0.0469 -0.0861 +0.0392 -0.0469 -0.0632 +0.0163

No Move With ∆ûkjt and ∆r̂jt -0.0527 -0.1007 +0.048 -0.0527 -0.0772 +0.0245

Effect of Spatial Sorting +0.0057 +0.0146 -0.0089 +0.0057 +0.0141 -0.0084

B. Star Cities: New York, Los Angeles, San Francisco

Observed ∆ -0.0243 -0.0504 +0.0261 -0.0243 -0.0198 -0.0045

No Move With ∆ûkjt and ∆r̂jt -0.0417 -0.0804 +0.0387 -0.0417 -0.0534 +0.0117

Effect of Spatial Sorting +0.0175 +0.0300 -0.0125 +0.0175 +0.0336 -0.0161

C. Largest 25 MSAs (Minus Star Cities)

Observed ∆ -0.0285 -0.0604 +0.0261 -0.0285 -0.0358 +0.0073

No Move With ∆ûkjt and ∆r̂jt -0.0326 -0.0716 +0.0387 -0.0326 -0.0473 +0.0147

Effect of Spatial Sorting +0.0041 +0.0113 -0.0072 +0.0041 +0.0115 -0.0074

D. MSA Ranked 26 - 100

Observed ∆ -0.0413 -0.0753 +0.034 -0.0413 -0.0533 +0.013

No Move With ∆ûkjt and ∆r̂jt -0.0410 -0.0817 +0.0407 -0.0410 -0.0583 +0.0173

Effect of Spatial Sorting +0.00038 +0.00636 -0.00598 +0.00038 +0.00495 -0.00457

E. MSA Ranked 101+

Observed ∆ -0.0596 -0.0995 +0.0261 -0.0596 -0.0802 +0.0206

No Move With ∆ûkjt and ∆r̂jt -0.0596 -0.1079 +0.0387 -0.0596 -0.0865 +0.0269

Effect of Spatial Sorting -0.00005 +0.0083 -0.00835 -0.00005 +0.0063 -0.00635

Note: In this table, we show the change in welfare for high- and low-income populations due to the change in unemployment rates and
rents experienced them over time during the pandemic. We use the results from the decomposition exercises shown in Table 4. To do
the welfare calculation, we assume the budget share is 26.7% for the low-income population and 42.8% for the high-income population
Diamond and Moretti (2021). For the left panel, we assume that the income loss if individual becomes unemployed is 20%, namely
bkt − wkt − 0.2. On the right panel, we assume that the income loss for high-income workers still remain 20%. But due to the federal
UI supplement, we assume that during the pandemic the income loss for low-income population is 0.
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Figure A1: Net Flows from Central Cities by Metro

(a) New York MSA (b) San Francisco MSA

(c) Chicago MSA (d) Washington MSA

(e) Dallas-Fort Worth MSA (f) Philadelphia MSA

Note: The figures show the version of Figure 4 by selected MSAs
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Table A1: Estimated State-Specific Quarterly Migration Flows (1,000s) Before and After the Pandemic

Post-Q1 2020 Pre-Q1 2020
State Inflow Outflow Net Inflow Inflow Outflow Net Inflow

Florida 205.5 153.8 51.7 181.3 153.4 27.9
Texas 165.6 136.2 29.4 162.3 136.3 26
Arizona 68.6 50.9 17.6 65 50.4 14.5
North Carolina 91.3 74.6 16.7 90.1 78 12
South Carolina 53 40.8 12.2 50.5 40.1 10.4
Tennessee 61.6 51 10.5 58.4 50 8.4
Georgia 89.2 80.6 8.5 86.4 82.2 4.2
Nevada 40.3 32.2 8.1 38.8 30 8.7
Idaho 20.7 12.5 8.1 17.5 12.6 4.9
Colorado 62.6 55.9 6.6 63.3 54.5 8.7
Alabama 32.4 27.3 5.1 31.2 28.6 2.5
Maine 10.4 6.6 3.7 8.5 7.1 1.3
Oregon 34.7 31 3.7 35 29.7 5.3
Montana 10.4 6.7 3.6 8.5 7.1 1.4
Utah 22.8 19.4 3.3 21.3 20.1 1.2
Oklahoma 24.1 21 3 23.3 22.1 1.2
Delaware 12.5 9.6 2.9 11.2 10.1 1
Missouri 40 37.2 2.8 38.1 38.7 -.6
Arkansas 18.3 15.6 2.7 17.5 16.7 .8
New Hampshire 14.4 11.7 2.6 13.3 12 1.2
Washington 60.5 57.8 2.6 64.6 55.3 9.2
Indiana 37.1 35.4 1.6 37 37.5 -.6
Vermont 5.6 4.3 1.2 4.7 4.7 0
Connecticut 30.1 29 1 25.8 30.6 -4.9
South Dakota 6.8 5.8 1 5.9 5.7 .1
West Virginia 10.9 9.9 .9 10.2 11.2 -1
Kentucky 26.9 26 .9 26.5 26.5 0
Wyoming 5.2 4.5 .6 5.1 5.2 -.2
Wisconsin 27.9 27.3 .6 28.9 29.6 -.7
Rhode Island 10.3 9.8 .5 9.9 10 -.1
New Mexico 15.3 14.9 .4 15.3 14.8 .4
Mississippi 19.3 19.7 -.5 17.8 19.2 -1.5
Nebraska 10.4 10.8 -.5 10.8 12 -1.3
Alaska 6.1 6.6 -.6 5.9 7.3 -1.5
North Dakota 5.9 6.9 -1 7 7.6 -.6
Iowa 15.6 17 -1.5 16.6 18.1 -1.6
Michigan 40.7 42.3 -1.6 39.6 44.8 -5.2
Kansas 20.7 22.2 -1.6 21.2 23.5 -2.4
Pennsylvania 71 73.6 -2.6 70.7 75.1 -4.4
Ohio 49.7 53.3 -3.7 52.4 58.1 -5.7
Minnesota 25.3 28.9 -3.7 27 28.7 -1.7
Louisiana 23.3 27.9 -4.6 23.3 28.6 -5.4
New Jersey 70.2 75.2 -5.1 66 74.4 -8.4
Maryland 52.9 58.7 -5.9 53.7 58.7 -5.1
District of Columbia 15.7 21.9 -6.2 18.4 19 -.7
Virginia 76.7 84 -7.4 80 83.8 -3.9
Massachusetts 41.2 52.2 -11.1 42.9 49.7 -6.9
Illinois 61.8 87.8 -26.1 65.5 87.2 -21.7
California 148.4 212.9 -64.5 158.7 194.6 -35.9
New York 104.9 173.5 -68.6 113.7 145.6 -31.9

Note: We keep the individual between age 25 and 65. The migration flows shown in the Table are
divided by 0.05 because FRBNY Consumer Credit Panel/Equifax samples about 5% of the U.S. pop-
ulation with credit reports. We further divide the sample by 0.628 because around 62.8% of the U.S.
population is between 25 and 65, under the assumption that the migration patterns of other age groups
can be proxied by the patterns observed in this group. We calculate the average quarterly migration
flow over two periods: Q1 2019 - Q1 2020 (Pre-Q1 2020) and Q1 2020 - Q1 2021 (Post-Q1 2020). In
the table, for each state, we calculate the inflow and outflow to and from each state and the net inflow
to each state. Data Source: FRBNY Consumer Credit Panel/Equifax.
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Table A2: Net Migration Flows By Metro Post-Pandemic (in 1,000)

Post-Q1 2020 Pre-Q1 2020

MSA Inflow Outflow Net Inflow Inflow Outflow Net Inflow

MSAs with Largest Net Quarterly In-Migration Post-Q1 2020

Phoenix-Mesa-Scottsdale, AZ 52.2 40.1 12 50.7 39 11.6
Dallas-Fort Worth-Arlington, TX 69.5 58.2 11.2 71.5 60.4 11
Tampa-St. Petersburg-Clearwater, FL 44.5 36.2 8.3 42.6 34.4 8.1
Austin-Round Rock, TX 35.2 27.2 8 35.5 26.2 9.2
North Port-Sarasota-Bradenton, FL 18.1 10.9 7.1 13.2 9.6 3.6
Riverside-San Bernardino-Ontario, CA 54.6 48.1 6.5 49.5 47 2.5
San Antonio-New Braunfels, TX 28.6 23 5.5 28.1 23.9 4.2
Las Vegas-Henderson-Paradise, NV 31.7 26.3 5.4 30.9 24 6.9
Cape Coral-Fort Myers, FL 15.8 10.4 5.3 12.7 9.8 2.9
Atlanta-Sandy Springs-Roswell, GA 62.4 57.1 5.3 61.5 58.3 3.2
Jacksonville, FL 24.6 19.5 5.1 21.9 19 2.9
Lakeland-Winter Haven, FL 14.8 9.9 4.9 12.8 9.4 3.4
Charlotte-Concord-Gastonia, NC-SC 32 27.4 4.6 33.6 27.5 6.1
Myrtle Beach-Conway-North Myrtle Beach, SC-NC 10.8 6.2 4.5 9.2 5.7 3.5
Deltona-Daytona Beach-Ormond Beach, FL 13.9 9.6 4.3 10.8 8.8 1.9

MSAs with Largest Net Quarterly Out-Migration Post-Q1 2020

Virginia Beach-Norfolk-Newport News, VA-NC 20.6 23 -2.4 22 23.8 -1.8
Baltimore-Columbia-Towson, MD 28.9 31.3 -2.4 28.9 31.3 -2.5
Detroit-Warren-Dearborn, MI 23.9 26.7 -2.8 24.1 27.3 -3.2
Minneapolis-St. Paul-Bloomington, MN-WI 20.4 23.7 -3.3 22.9 23.1 -.2
Philadelphia-Camden-Wilmington, PA-NJ-DE-MD 42.2 45.9 -3.8 43.4 45.2 -1.9
Seattle-Tacoma-Bellevue, WA 39.1 43.7 -4.6 44.1 41.1 2.9
San Diego-Carlsbad, CA 37.5 42.2 -4.7 38.5 41.1 -2.6
Miami-Fort Lauderdale-West Palm Beach, FL 55.9 62.2 -6.4 51.1 59.4 -8.4
San Jose-Sunnyvale-Santa Clara, CA 23.2 33.5 -10.4 25.1 30.3 -5.2
Boston-Cambridge-Newton, MA-NH 38.3 49.2 -11 41.9 46.1 -4.2
Washington-Arlington-Alexandria, DC-VA-MD-WV 62.5 77.5 -15 68.3 73.9 -5.7
Chicago-Naperville-Elgin, IL-IN-WI 48 69.6 -21.6 52.4 67.7 -15.3
San Francisco-Oakland-Hayward, CA 46.8 70.3 -23.5 53.2 58.4 -5.3
Los Angeles-Long Beach-Anaheim, CA 90.8 124.8 -34 94.3 114.3 -20
New York-Newark-Jersey City, NY-NJ-PA 97.2 167.2 -70 109.6 142 -32.5

Note: We calculate the average quarterly migration flows over two periods: Q1 2019 - Q1 2020 (Pre-Q1 2020) and Q1 2020 - Q1 2021
(Post-Q1 2020). In the table, for each MSA, we calculate the inflow and outflow to and from each MSA and the net inflow to each
MSA. We then rank the all MSAs based on the net inflow post-Q1 2020. We plot the MSAs with the largest positive net inflows and
negative net inflows. Data Source: FRBNY Consumer Credit Panel/Equifax.
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Table A3: Largest Post-Pandemic State-to-State Quarterly Net Migration Flows (in 1,000)

Origin State Destination State Net In-Flows
Post-Q1 2020 Pre-Q1 2020

New York Florida 13.6 7.8
New York New Jersey 13.2 7.6
California Texas 13 8.1
California Arizona 8.7 6.6
California Nevada 8.5 6.4
New Jersey Florida 5.8 3.7
New York Connecticut 5.6 2
New York Pennsylvania 5.1 2.7
California Idaho 4.8 3.1
California Oregon 4.6 4.4
California Washington 4.5 4.6
Illinois Florida 4.5 3.2
New York California 3.8 1.6
California Colorado 3.7 2.9
New York North Carolina 3.7 2.7
California Florida 3.6 1.5
Pennsylvania Florida 3.5 2.6
New York Texas 3.4 1.6
Massachusetts New Hampshire 3.1 1.9
California Tennessee 3 1.2
California Utah 2.9 1.8
Illinois Texas 2.9 2.2
Illinois Indiana 2.9 1.9
Maryland Florida 2.9 1
New York Georgia 2.8 1
District of Columbia Maryland 2.7 1.2
Massachusetts Florida 2.6 1.7
Virginia Florida 2.5 1.1
New Jersey North Carolina 2.2 1.6
Louisiana Texas 2.2 2.5

Note: We calculate the average quarterly net migration flow over two periods: Q1 2019
- Q1 2020 (Pre-Q1 2020) and Q1 2020 - Q1 2021 (Post-Q1 2020). In the table, we rank
the top state-to-state net migration flows based on the flow observed post-Q1 2020. Data
Source: FRBNY Consumer Credit Panel/Equifax.

54



Table A4: Largest Post-Pandemic Quarterly Metro-to-Metro Net Migration Flows (in 1,000)

Origin MSA Destination MSA Net In-Flows
Post-Q1 Pre-Q1

2020 2020
Los Angeles-Long Beach-Anaheim, CA Riverside-San Bernardino-Ontario, CA 12 7.9
New York-Newark-Jersey City, NY-NJ-PA Miami-Fort Lauderdale-West Palm Beach, FL 5.5 2.4
New York-Newark-Jersey City, NY-NJ-PA Bridgeport-Stamford-Norwalk, CT 4.1 1.2
New York-Newark-Jersey City, NY-NJ-PA Philadelphia-Camden-Wilmington, PA-NJ-DE-MD 3.7 2.4
New York-Newark-Jersey City, NY-NJ-PA Los Angeles-Long Beach-Anaheim, CA 3.1 1.8
Los Angeles-Long Beach-Anaheim, CA Las Vegas-Henderson-Paradise, NV 3 2.3
San Francisco-Oakland-Hayward, CA Sacramento–Roseville–Arden-Arcade, CA 2.9 1.1
New York-Newark-Jersey City, NY-NJ-PA Atlanta-Sandy Springs-Roswell, GA 2.7 .7
Miami-Fort Lauderdale-West Palm Beach, FL Port St. Lucie, FL 2.5 1.8
New York-Newark-Jersey City, NY-NJ-PA Orlando-Kissimmee-Sanford, FL 2.3 1.4
Los Angeles-Long Beach-Anaheim, CA Phoenix-Mesa-Scottsdale, AZ 2.2 1.5
San Francisco-Oakland-Hayward, CA Stockton-Lodi, CA 2 1.1
San Francisco-Oakland-Hayward, CA Los Angeles-Long Beach-Anaheim, CA 1.9 1
Washington-Arlington-Alexandria, DC-VA-MD-WV Baltimore-Columbia-Towson, MD 1.9 .2
New York-Newark-Jersey City, NY-NJ-PA Tampa-St. Petersburg-Clearwater, FL 1.9 1.2
New York-Newark-Jersey City, NY-NJ-PA Allentown-Bethlehem-Easton, PA-NJ 1.8 1.2
Los Angeles-Long Beach-Anaheim, CA Oxnard-Thousand Oaks-Ventura, CA 1.8 1.2
New York-Newark-Jersey City, NY-NJ-PA Charlotte-Concord-Gastonia, NC-SC 1.7 1.5
Orlando-Kissimmee-Sanford, FL Lakeland-Winter Haven, FL 1.7 1.2
Chicago-Naperville-Elgin, IL-IN-WI Phoenix-Mesa-Scottsdale, AZ 1.5 1.1
New York-Newark-Jersey City, NY-NJ-PA Dallas-Fort Worth-Arlington, TX 1.5 .7
Boston-Cambridge-Newton, MA-NH Worcester, MA-CT 1.5 2
Los Angeles-Long Beach-Anaheim, CA Dallas-Fort Worth-Arlington, TX 1.5 1
Boston-Cambridge-Newton, MA-NH Providence-Warwick, RI-MA 1.5 1.2
San Jose-Sunnyvale-Santa Clara, CA San Francisco-Oakland-Hayward, CA 1.5 .8
Miami-Fort Lauderdale-West Palm Beach, FL Orlando-Kissimmee-Sanford, FL 1.3 1
San Diego-Carlsbad, CA Riverside-San Bernardino-Ontario, CA 1.3 1.5
Los Angeles-Long Beach-Anaheim, CA San Diego-Carlsbad, CA 1.3 .8
New York-Newark-Jersey City, NY-NJ-PA Houston-The Woodlands-Sugar Land, TX 1.2 .6
San Jose-Sunnyvale-Santa Clara, CA Sacramento–Roseville–Arden-Arcade, CA 1.2 .8

Note: We calculate average quarterly net migration flow over two periods: Q1 2019 - Q1 2020 (Pre-Q1 2020) and Q1 2020 -
Q1 2021 (Post-Q1 2020). In the table, we rank the top MSA-to-MSA flows based on the flow observed post-Q1 2020. Data
Source: FRBNY Consumer Credit Panel/Equifax.
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