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Abstract

We study the impact of the COVID-19 pandemic on the location demand for housing. We find

that the pandemic has led to a shift in housing demand away from neighborhoods with high population

density. The reduced demand for density is driven partially by the diminished need for living close to

telework-compatible jobs and the declining value of access to consumption amenities. Neighborhoods

with high pre-COVID-19 home values also see a greater drop in housing demand. Moreover, we find a

significant shift in housing demand away from large cities, though the magnitude is smaller.
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1 Introduction

After the outbreak of the COVID-19 pandemic, many office workers started to work from home (Bartik

et al., 2020; Bick et al., 2020). Consumption amenities such as restaurants saw a sudden drop in visits

(Cox et al., 2020). As a result, the desirability of dense neighborhoods and large cities, where jobs and

consumption amenities are spatially concentrated, may have declined.

We find that the pandemic has indeed led to a strong shift in housing demand from central cities and

dense neighborhoods to the suburbs and neighborhoods with lower population density. We use various

local housing indicators such as inventory, home price, and rent to track spatial differences in the change of

housing demand, and document a strong divergence in growth trajectories in these indicators in central and

dense neighborhoods versus suburban and remote neighborhoods.

We make several conjectures for the reasons behind the shift:1

1. Dense neighborhoods tend to be close to job centers, which tend to have a greater share of telework-

compatible jobs. With the rise of remote arrangements, the need for living in these neighborhoods

could diminish.

2. Dense neighborhoods tend to have more consumption amenities. Because of the drop in visits to

amenities during the pandemic, the value of living closer to premium locations could decline.

3. Dense neighborhoods tend to have higher costs of housing due to the lower housing supply elasticities

(Baum-Snow and Han, 2020). As the need for living in these locations diminishes, the value of bearing

such high housing costs to be in these locations could decrease.2

We present empirical evidence that lends support to all of the conjectures. We find that home inventory

growth is higher in neighborhoods with a greater share of telework-compatible jobs, a larger per-capita

number of restaurants, and higher pre-COVID-19 home prices, indicating a spatial shift in demand from

these neighborhoods. Home price and rent growth picks up some of the spatial variation. We also find a

shift in housing demand away from large and expensive cities, although the magnitude is smaller than the

shift from central cities to the suburbs.

This paper contributes to the literature on how city structures change in the presence of the dispersion

forces of diseases (Davis et al., 2021; Delventhal et al., 2021). Recent papers have documented migration
1Appendix A1 presents a stylized model to capture the underlying mechanisms.
2Table A1 confirms such correlations.
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and bid-rent curve patterns consistent with our findings (Ramani and Bloom, 2021; Althoff et al., 2020;

Gupta et al., 2021). We are the first to examine the effect of the pandemic on neighborhood-level variation

in housing demand and to test the underlying driving forces.

2 Data

For housing market outcomes, we use (i) monthly home sales, new listings, and inventory from Redfin Data

Center since January 2016, (ii) the monthly repeated-transaction home price index (HPI) from CoreLogic,

and (iii) monthly rent data—the Zillow Observed Rent Index.

We use the 2016 ZIP Code Business Patterns (ZCBP) and an industry-to-occupation crosswalk to cal-

culate the number of jobs by occupation and ZIP Code based on job locations. We then assign a telework

indicator developed by Dingel and Neiman (2020) to each occupation, and compute the share of telework-

compatible jobs within a 3-mile radius of each ZIP Code. We also compute the per-capita number of

restaurants within a 3-mile radius of each ZIP Code.

We obtain local population characteristics from the 2013–2017 American Community Survey (Manson

et al., 2020). We obtain weekly visit patterns data from SafeGraph Inc., and county-level COVID-19 case

rates from the Opportunity Insights Economic Tracker.3

3 Empirical Analysis

Figures 1a, 1c, and 1e show the growth of inventory, home prices, and rents relative to the 2019 average

for each month by distance to downtown for the 25 largest metropolitan statistical areas (MSAs). After the

pandemic started in March 2020, the growth of home inventory in central cities far outpaced the growth in

the suburbs. The strong diverging trends can be also observed in rental prices. Home price growth also

exhibits a diverging trend between central cities and the suburbs, but the gap is smaller. The vast divergence

in inventory and rent growth between central cities and the suburbs constitutes strong evidence that the

demand for housing has shifted toward the suburbs.

In addition, we examine differential effects of the pandemic on housing demand across cities. Figures

1b, 1d, and 1f show the growth of inventory, home prices, and rents relative to the 2019 average for each
3https://opportunityinsights.org
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month by the size of MSAs—the 25 largest MSAs vs. others. The figures present evidence of a shift in

housing demand from larger cities to smaller ones, but the magnitude is smaller compared with the shift

from central cities to the suburbs.4

3.1 Regression Analysis

To unpack the driving forces behind the large shift in housing demand within cities, we estimate the follow-

ing regression at the ZIP Code (neighborhood) level:5

log(sncmy) = β1Aftermy · xnc + β2Aftermy · log(CaseRatenc) (1)

+ δmyc + πnc + εncmy,

where sncmy is a local outcome, such as inventory, home prices (HPIs), and rents in neighborhood n within

city c in month m of year y. Aftermy indicates months after March 2020. xnc denotes a neighborhood

characteristic of interest, such as density. We control for various characteristics interacted with Aftermy,

including CaseRatenc, the average case rate between April 2020 and February 2021 of the county that

neighborhood n belongs to. We control for local case rate because of the concern that the change in housing

demand may be driven by the fear of local infection risk per se, confounding our main estimate. δmyc denotes

city-time fixed effects, which absorbs differential effects of the pandemic across cities. πnc denotes Zip Code

fixed effects. The coefficients of interest are β1, which represent differential effects of the pandemic across

various xnc within cities.

Table 1 presents the estimates of β1 at the ZIP Code level.6 Panel A confirms that there is a reduced

demand for central cities and dense neighborhoods. Panel B shows that neighborhoods with a greater share

of telework-compatible jobs, more restaurants per capita, and higher pre-COVID-19 home prices witnessed

a relative increase in inventory and a relative decline in home and rental prices.7 The results confirm the

conjectures presented in Section 1.8

4Different effects of the pandemic on rents and HPIs can shed light on the long-run effect of the pandemic on the shift in
housing demand. Appendix A3 details the discussion.

5Appendix A2 presents the county-level analysis.
6Table A2 presents the estimates at the county level, which are consistent with the results in Table 1.
7Table A3 presents the results with sales and new listings as outcome variables.
8Table A4 presents the estimates by month, which suggest that the changed demand for different neighborhood characteristics

such as access to telework-compatible jobs and restaurants kicked in gradually. Table A8 presents a robustness check where we
account for seasonal variation of the outcome variables at ZIP Code level. For robustness, Table A9 presents the estimates without
controlling for Aftermy · log(CaseRatenc). The findings in Table 1 are robust.
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Appendix A4 presents MSA-level regression results, which suggest that housing demand has shifted

away from cities with higher pre-COVID-19 home values.

(a) Inventory (Within MSAs) (b) Inventory (Across MSAs)

(c) HPI (Within MSAs) (d) HPI (Across MSAs)

(e) Rent (Within MSAs) (f) Rent (Across MSAs)

Figure 1: Shift in Housing Demand Within and Across MSAs

Note: The figures present the growth of the housing market outcomes relative to the 2019 averages. Figures a, c, and e plot the

changes at the ZIP Code level by distance to downtown for the 25 largest MSAs. Figures b, d, and f plot the changes at the MSA

level by the size of MSA.
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Table 1: Effects of COVID-19 across ZIP Codes

Log (Inventory) Log (HPI) Log (Rents)
(1) (2) (3)

Panel A: Baseline

After × Log (Distance to Downtown) -0.157*** -0.00964** 0.0213***
(0.0227) (0.00381) (0.00361)

After × Log (Density) 0.00636 -0.0135*** -0.0101*
(0.0164) (0.00495) (0.00513)

Observations 624,204 359,104 143,879

Panel B: Neighborhood Characteristics

After × Log (Distance to Downtown) -0.0676*** -0.00338 0.00808
(0.0147) (0.00357) (0.00488)

After × Log (Density) -0.0365*** -0.00288 -0.0100***
(0.00972) (0.00390) (0.00378)

After × Log (Jobs per capita) 0.00142 0.0118*** -0.00435
(0.0176) (0.00318) (0.00361)

After × Log (Share of Telework-Compatible Jobs) 0.159*** -0.0343*** -0.0242***
(0.0349) (0.00725) (0.00765)

After × Log (Restaurants per capita) 0.0673*** -0.0247*** -0.00645*
(0.0175) (0.00390) (0.00341)

After × Log (Pre-COVID Home Value) 0.231*** 0.0136 -0.0239***
(0.0380) (0.00984) (0.00728)

Observations 572,607 356,500 142,872

Note: The sample comprises all ZIP Codes between January 2016 and April 2021 (up to March 2021 for HPI), except April
2020. The specification is described in Section 3.1. We also control for After × Log (Income) and After × Log (Share of
Whites). Observations are weighted by the ZIP Code’s population in columns 1–2, and the ZIP Code’s renter population in
column 3. Standard errors are clustered at the MSA level: *** p < 0.01, ** p < 0.05, *p < 0.1.
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3.2 Changes in Traffic Patterns

To corroborate that there is a diminished value of visiting prime city locations for work or amenities, we

show in Figure 2 that the number of visits to offices and restaurants plummeted after the pandemic, and the

drop is greater for the establishments located in central cities.9

(a) Office (b) Restaurant

Figure 2: Visitor Traffic to Points-of-Interest

Note: The figures plot the average number of visits to offices (NAICS 51, 52, and 54) and restaurants (NAICS 722511) located by

distance to downtown in the 25 largest MSAs, normalized by the first week of 2020, using data from SafeGraph Inc.

4 Conclusion

We find that the pandemic reduced the housing demand in central city neighborhoods and neighborhoods

with higher population density. The decreased demand for density is partially driven by (i) the diminished

need for living close to telework-compatible jobs, and (ii) the dwindling attraction of consumption amenities.

Moreover, cities and neighborhoods with higher pre-COVID-19 home values witnessed a greater decline in

housing demand.

Our findings suggest that COVID-19 has re-introduced disease transmission as a dispersion force in the

urban spatial equilibrium, certainly in the short run. The smaller divergence in home price growth relative

to that in inventory and rent growth between central cities and suburbs suggest the market anticipates that

future demand for central locations could bound back to some degree in the long run.

9Figure A2 presents the number of visits to schools, parks, and gyms.

6



References

Althoff, L., Eckert, F., Ganapati, S., and Walsh, C. (2020). The geography of remote work. Working Paper.

Bartik, A., Cullen, Z., Glaeser, E., Luca, M., and Stanton, C. (2020). What jobs are being done at home
during the COVID-19 crisis? Evidence from firm-level surveys. Harvard Business School Working Paper,
20:138.

Baum-Snow, N. and Han, L. (2020). The microgeography of housing supply. Working Paper.

Bick, A., Blandin, A., and Mertens, K. (2020). Work from home after the COVID-19 outbreak. Federal
Reserve Bank of Dallas Working Paper No. 2017.

Cox, N., Ganong, P., Noel, P., Vavra, J., Wong, A., Farrell, D., and Greig, F. (2020). Initial impacts of the
pandemic on consumer behavior: Evidence from linked income, spending, and savings data. Brookings
Papers on Economic Activity, Conference Draft.

Davis, M., Ghent, A., and Gregory, J. (2021). The work-from-home technology boon and its consequences.
NBER Working Paper, 28461.

Delventhal, M., Kwon, E., and Parkhomenko, A. (2021). How do cities change when we work from home?
Journal of Urban Economics, 103331.

Dingel, J. and Neiman, B. (2020). How many jobs can be done at home? Journal of Public Economics, 189.

Gupta, A., Mittal, V., Peeters, J., and Van Nieuwerburgh, S. (2021). Flattening the curve: Pandemic-induced
revaluation of urban real estate. Working Paper.

Manson, S., Schroeder, J., Van Riper, D., and Ruggles, S. (2020). IPUMS National Historical Geographic
Information System: Version 14.0 [Database]. Minneapolis, MN: IPUMS. 2019.

Ramani, A. and Bloom, N. (2021). The donut effect: How covid-19 shapes real estate. SIEPR Policy Brief.

Su, Y. (2020). Working from home during a pandemic: It’s not for everyone.
https://www.dallasfed.org/research/economics/2020/0407.

7



Appendix

A1 Stylized Spatial Equilibrium Model

We present a simple stylized spatial equilibrium model to demonstrate the mechanisms through which the

COVID-19 pandemic can affect the demand for dense locations. The model generates several predictions,

which can be tested with data.

Assume that there are two locations: a central dense location (j = 1) and a remote location (j = 2).

Residents choose either location to live in, based on commute time, amenity provision, and rents. To keep

the framework simple to analyze, we assume that residents are ex ante homogeneous before they choose the

residence location. Once a location is picked, each worker’s job may be telework-compatible or not with

stochastic probabilities st and 1− st, respectively.10

Therefore, the ex-ante utility that each location (j) gives a worker is as follows:

Uj = −θE(cj) + γaj − rj ,

where E(cj) is the ex ante expected commute time in location j, which is the average commute time of

telework-compatible jobs (Ct) and non-telework-compatible jobs (cnt), weighted by the probability that the

worker’s job telework-compatible or not:

E(cj) = stctj + (1− st)cntj .

The utility associated with a location also depends on aj , the level of amenity provision at location j.

The amenity level is the average of the level of essential amenities (aej) and non-essential amenities (anej ),

weighted by se and sne respectively, which can be considered as utility weights:

aj = seaej + sneanej .

Finally, rj is the rent in location j. We assume that housing is supplied inelastically. The inverse housing

10To allow for a simple analytical comparative static exercise, we need to keep residents homogeneous when they choose
locations.
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supply equation is

rj = α+ εj ln(Nj),

where Nj is the population in location j. We assume that rent goes up as population increases, and εj is

the inverse housing supply elasticity with respect to location demand/population. The more elastic housing

supply is, the smaller εj is.

A1.1 Spatial Equilibrium

In spatial equilibrium, the housing market clears, and different locations’ population (N1 and N2) and

rent levels (r1 and r2) are determined by the housing market clearing condition. Under the simplifying

assumption of homogeneous residents, the utility levels are equalized across the two locations as Ū . Hence,

the spatial equilibrium is implicitly characterized by

Ū = −θ
(
stctj + (1− st)cntj

)
+ γ

(
seaej + sneanej

)
− α− εj ln(Nj), ∀j = 1, 2. (2)

To put this equation in the perspective of dense and remote locations, we assume that prior to the pan-

demic, the expected commute time for both types of jobs is shorter when living in the dense location than

living in the remote location: ct1 < ct2 and cnt1 < cnt2 , and the non-essential amenities such as eateries and

cafes are richer in the dense location: ane1 > ane2 . For essential amenities, we assume that they are equally

provisioned in dense and remote locations: ae1 = ae2.

With a lower cost of commuting and better provision of amenities, the dense location would have at-

tracted a larger population than the remote location. However, the larger population would drive up rents

and press down the utility of living in the dense location. In equilibrium, the population distribution (N1

and N2) is determined such that the equilibrium utility levels of both locations are equalized.11 Without the

loss of generality, we normalize the total population to 1: N1 + N2 = 1. Equation 2 provides us with an

analytical framework to solve for the effect of the pandemic on the equilibrium location demand.
11Since the dense location is better both in terms of commuting time and amenities, if we assume that the inverse housing supply

elasticities are the same (e.g., same provision of buildable land and construction cost), then the dense location will have a larger
population and higher density.
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A1.2 The Effects of COVID-19 on Location Demand

Once the COVID-19 pandemic hits, assume that workers with telework-compatible jobs have commute

time of zero regardless of their locations: ĉt1 = ĉt2 = 0. Moreover, assume that essential amenities are

operational and are unchanged, but access to non-essential amenities becomes zero: âne1 = âne2 = 0. Under

these assumptions, we use the implicit function theorem to derive the model-implied impact of changes in

commute time and amenities on location demand.12

The impact of the change in commute time for telework-compatible jobs on location demand is

∂N1

∂(ct1 − ct2)
= − θst

ε1
N1

+ ε2
N2

.

Since the difference in commute time increases from a negative number ct1 − ct2 to 0 after the pandemic,

the change in the location demand for the dense location due to the change in commute time for telework-

compatible jobs is − θst∆(ct2−ct1)
ε1
N1

+
ε2
N2

< 0.

The impact of the change in the provision of amenities on location demand is

∂N1

∂(ane1 − ane2 )
=

γsne

ε1
N1

+ ε2
N2

.

Since the difference in non-essential amenities decreases from a positive number ane1 − ane2 to 0 after the

pandemic, the change in location demand for the dense location due to the change in amenity provision is
γsne∆(ane

2 −ane
1 )

ε1
N1

+
ε2
N2

< 0.

Therefore, the model-predicted change in location demand for the dense location is

∆N1 = −θs
t∆(ct2 − ct1)
ε1
N1

+ ε2
N2︸ ︷︷ ︸

<0

+
γsne∆(ane2 − ane1 )

ε1
N1

+ ε2
N2︸ ︷︷ ︸

<0

.

The model predicts that the demand for the dense location would decrease after the pandemic due to the

remote work arrangement of workers who are in telework-compatible jobs and the loss of the advantage of

non-essential amenity provision in the dense location. Moreover, the model suggests that the decrease in the

demand for the dense location is greater if
12The differentiation procedure is simple. First, we take the difference of the equation 2. Since utility must equalize across

location at all time, the utility is always zero. Then, we can apply the implicit function theorem on the utility difference.
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1. the likelihood of working in telework-compatible jobs is larger;

2. the dense location has a relatively larger provision of non-essential amenities; or

3. the dense location has a higher initial rent.13

These predictions crystallize the intuitions of the conjectures 1–3 in the introduction. In Section 3, we

test the conjectures by empirically showing that the demand for housing decreases disproportionately in

neighborhoods where there is (i) a greater share of telework-compatible jobs, (ii) a greater initial provision

of non-essential amenities such as restaurants, and (iii) a higher initial rent.

A2 County-level Analysis

We conduct analysis at the county level because county-level data are more sensitive to timing—Redfin Data

Center provides monthly data at the county level. At the ZIP Code level, variables on home sales and new

listings are constructed with pooled three-month lagged data, which may lead to a downward bias in the

magnitude of the estimates.

Panel A of Table A2 presents the estimates of β1. We find that home sales declined more in counties

with higher population density and higher pre-COVID-19 home values (column 1). The pandemic has also

spurred more new listings in denser neighborhoods (column 2). As a result, home inventory increased more

in denser and more expensive counties (column 3). The results suggest that the pandemic has shifted housing

purchases toward less dense and cheaper locations, and induced homeowners in denser locations to sell their

homes. Moreover, we find that home prices increased less in more expensive neighborhoods (column 4), and

rental prices declined more in denser and more expensive neighborhoods (column 5). The finding suggests

that renters in the dense and expensive neighborhoods may seek to buy their own homes in less dense and

cheaper neighborhoods.

Decreased demand for density persists despite an aggregate recovery in sales One might speculate

that the overall effects of the pandemic are mainly driven by the immediate aftermath of the outbreak, and

the reduced demand for density may rebound as the housing market recovers. We examine this by estimating

the effect of the pandemic by month after the outbreak.
13Since the equilibrium rent is a linear function of log housing demand, ∂r1

∂(ct1−ct2)
< 0 and ∂r1

∂(ae
1−ae

2)
> 0. Since ∂∆N1

∂(ct1−ct2)
> 0

and ∂∆N1
∂(ae

1−ae
2)

< 0, it must be that ∂∆N1
∂r1

< 0.
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Panel B of Table A2 presents different effects of the pandemic over time by replacing Aftermy with a

series of dummies for the post-pandemic months. We find that the heterogeneous effects of the pandemic

on sales by density and pre-COVID-19 home value were very strong in the initial periods of the pandemic,

but such effects dwindled over time (column 1). In contrast, although the heterogeneous effects on new

listings were not pronounced at the beginning, the differences became more remarkable as the pandemic

progressed (column 2). The initial heterogeneous effects on home sales but not new listings could be because

the would-be buyers of homes in dense and expensive neighborhoods could easily put off their plans if

they lost their interest of homes in these neighborhoods. However, the would-be sellers in these locations

may have to postpone their selling activities even if they were willing to sell because of the restrictions

of lockdown policies. Over time, as more home owners in denser neighborhoods put up their homes on

sale, the heterogeneous effects on new listings became more pronounced. As selling activities increased,

the heterogeneous effects on sales became increasingly muted. As a result, we find that the heterogeneous

effects on inventory strengthened in the summer of 2020 and remained significant and stable afterward

(column 3), implying that the shift in housing demand did not fizzle over time. Although the difference

in the effect on home prices across neighborhoods by pre-COVID-19 home value was much smaller, the

difference has strengthened over time (column 4). Similarly, the difference in the effect on rents across

neighborhoods by density and pre-COVID-19 home value has also increased over time (column 5). In

short, the results suggest that the reduced demand for dense neighborhoods not only persisted through the

aggregate recovery since June of 2020, but also appeared to have strengthened as the housing market heated

up.

A3 Attenuated Effects on Home Price Index and the Long-Run Shift in

Housing Demand

After detailed analysis of housing demand after the pandemic, one big question remains—Is the demand

shift caused by the pandemic temporary or permanent? Since we have shown that the spatial shift in de-

mand is driven partially by the increasing prevalence of working from home and the declining visits to

consumption amenities, what will happen in the long run likely depends on the pandemic’s long-term effect

on people’s work-from-home arrangements and whether people will eventually resume their visits to con-

sumption amenities, which dense neighborhoods and large cities have an advantage of providing. However,
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at this point, as of time of this article, it is difficult to find direct evidence on what will happen in the future.14

Fortunately, the contrast in trajectories between inventory, rents, and home prices may shed some light

on this big question. Despite a disproportionate rise in inventory and drop in rental prices in central cities

and dense neighborhoods, we see a much weaker difference in home price (HPI) changes between central

cities and the suburbs. This suggests that despite residents’ sudden shift in demand toward the suburbs due to

the pandemic, owners of central-city homes seem unwilling to adjust their asking prices. This may indicate

that the market expects the demand for central city homes to rebound in the future.

Theoretically, rents reflect the current price of housing in each neighborhood but home prices generally

reflect the future expected discounted value of housing services in each neighborhood. During the COVID-

19 pandemic, the demand for central city housing may have declined temporarily, which is reflected in the

change of rents and inventory. However, home market participants may expect that demand for housing

in these temporarily shunned locations come back eventually after the pandemic ends. Hence, the HPI

regression may have reflected buyers and sellers’ beliefs of where the demand will be in the future, which

may or may not be in line with the demand for current housing services during the pandemic. Finally, since

HPI includes information of future expectations, the differences in coefficients in Table 1 may reflect some

of the discrepancy in information content in HPIs and rents.

A4 MSA-level Analysis

To examine the shift in housing demand across MSAs (cities), we estimate the following equation:

log(scmy) = α1Aftermy · xc + α2Aftermy · log(CaseRatec) (3)

+ πmy + δcm + γcy + εcmy,

where scmy is a housing market outcome of city c in month m of year y; xc is a city characteristic;

CaseRatec is the average case rate of city c between April 2020 and February 2021; δcm is a city × month
14On the one hand, working-from-home arrangements are likely to become more prevalent even after the pandemic ends due

to massive technology investment Bartik et al. (2020); Ramani and Bloom (2021). On the other hand, virtual communication may
also likely be a complement to face-to-face communication rather than a substitute. The drop in the cost of virtual communication
would raise the return of face-to-face communication, which people use to establish new relationships and refine subtle new ideas,
because people can more easily follow up on the product of face-to-face communication with virtual communication technologies.
Therefore, even though virtual communication has been forced to temporarily substitute face-to-face communication during the
pandemic, the demand for physical work space would be unlikely to entirely disappear in the long run even with a compatible
virtual work alternative.
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fixed effect; γcy is a city × year fixed effect. Other variables are defined as in Equation 1. The coefficient of

interest is α1, which estimates the differential effects of the pandemic across xc.

Table A6 presents the estimates of α1. We find that inventory increased more in more expensive cities

and cities with a greater share of telework-compatible jobs, which seems unsurprising—work-from-home

arrangements allow many workers to relocate in less expensive cities different from the city where they

work. We also find a relative decrease in home and rental prices in cities with higher pre-COVID-19 home

values.

Table A7 shows the effects by month. The results suggest that the lower demand for large cities and

cities with more telework-compatible workers has persisted during the period of analysis.

A5 Telework-compatibility by Su (2020)

In the main analysis, we use the telework-compatibility indicator developed by Dingel and Neiman (2020).

As a robustness check, we use an alternative telework indicator developed by Su (2020). Su uses a similar

method to select telework-compatible occupations as Dingel and Neiman, with a slightly different and sim-

pler set of criteria. Specifically, Su assigns each occupation as either telework-compatible or not telework-

compatible, based on five work context indices provided by O*NET. An occupation is remote-compatible if

five criteria are all met:

1. Work involves frequent use of email;

2. Work does not require physical proximity with other people closer than arm’s length.

3. Work involves sitting at least half of the time.

4. Work does not involve significant kneeling, crouching, stooping or crawling.

5. Work does not involve significant bending, or twisting of the body.

The detailed selection criteria are listed as follows:

1. Work context variable “Electronic Mail” ≥ 87.5. According to the scale of the index, an index of

75 means using email at least once a week and not every day. An index of 100 means using email

every day. “Frequent use of email” is likely close to every day. However, since O*NET is estimated
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statistically from national surveys, Su takes an average between 75 and 100 as the cutoff value to

allow some room for statistical error.

2. Work context variable “Physical Proximity” ≥ 75. An index of 75 means physical proximity of an

arm’s length.

3. Work context variable “Spend Time Kneeling, Crouching, Stooping, or Crawling” < 50.

4. Work context variable “Spend Time Bending or Twisting the Body” < 50.

The occupation code used is occ2010 defined in the IPUMS USA data. O*NET occupation codes are

linked to occ2010 with a SOC-occ2010 crosswalk.

The regression results using Su is shown in Table A5. The magnitude of the coefficient on the log share

of telework-compatible jobs does not vary much by either definition of telework-compatibility.
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(a) Sales (Within MSAs) (b) Sales (Across MSAs)

(c) New Listings (Within MSAs) (d) New Listings (Across MSAs)

Figure A1: Growth of Sales and New Listings Within and Across MSAs

Note: The figures present the growth of log home sales and new listings for each month in 2020 and 2021 relative to 2019. Figures

a and c plot the changes at the ZIP Code level by distance to downtown for the most populous 25 MSAs. Note that ZIP Code level

sales and new listings are reported as the three-month moving average led by the month shown. This explains that the lack of sharp

changes shown in the MSA-level plots. Figures b and d plot the changes at the MSA-level by the size of MSA.
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(a) Gym (b) Park

(c) School (d) Overall

Figure A2: Visitor Traffic to Point-of-Interest by Type and Distance to Downtown

Note: These figures plot the average number of visits to business establishments located within 5 miles of downtown, 5–20 miles

from downtown, and more than 20 miles from downtown by month, normalized by the number of visits in January 2020.
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Table A1: Relationship Between Population Density and Other Neighborhood Characteristics

Log (Density)
(1) (2) (3) (4)

Log (Distance to Downtown) -0.673*** -0.732*** -0.849*** -0.379***
(0.0204) (0.0198) (0.0185) (0.0204)

Log (Transits per capita) 0.340*** 0.216***
(0.0144) (0.0132)

Log (Jobs per capita) -0.183*** -0.285***
(0.0285) (0.0289)

Log (Share of Telework-Compatible Jobs) 0.246*** 0.358***
(0.0565) (0.0571)

Log (Restaurants per capita) 0.502*** 0.561***
(0.0283) (0.0291)

Log (Pre-COVID Home Value) 0.432*** 0.221***
(0.0345) (0.0306)

Log (Income) -0.573*** -0.327***
(0.0478) (0.0464)

Log (Share of Whites) -0.231*** -0.217***
(0.0182) (0.0161)

Observations 7,744 9,204 9,095 7,446

Note: The sample comprises all ZIP Codes. All columns include MSA fixed effects. Observations are weighted by
the ZIP Code’s population. Robust standard errors in parentheses *** p < 0.01, ** p < 0.05, *p < 0.1.
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Table A2: Heterogeneous Effects of COVID-19 across Counties

Log (Sales) Log (New Listings) Log (Inventory) Log (HPI) Log (Rents)
(1) (2) (3) (4) (5)

Panel A: Average Effects

After × Log (Density) -0.0239*** -0.00552 0.0286** -0.00618** -0.0156***
(0.00699) (0.00638) (0.0135) (0.00271) (0.00535)

After × Log (Pre-COVID Home Value) -0.0965** 0.0399 0.351*** -0.0716*** -0.0775***
(0.0407) (0.0433) (0.130) (0.0107) (0.0172)

Observations 56,768 56,768 56,768 34,524 14,525

Panel B: Effects by Months

Apr–Aug × Log (Density) -0.0355*** -0.0151* 0.00597 -0.00372 -0.0106***
(0.00670) (0.00809) (0.00966) (0.00230) (0.00386)

Sep–Dec × Log (Density) -0.0276*** -0.00269 0.0452*** -0.00638** -0.0163***
(0.00802) (0.00602) (0.0159) (0.00290) (0.00510)

Jan–Apr × Log (Density) -0.00583 0.00363 0.0405** -0.0100*** -0.0212***
(0.00919) (0.00785) (0.0180) (0.00338) (0.00763)

Apr–Aug × Log (Pre-COVID Home Value) -0.168*** -0.0338 0.262*** -0.0443*** -0.0465***
(0.0490) (0.0783) (0.0904) (0.0100) (0.0122)

Sep–Dec × Log (Pre-COVID Home Value) -0.177*** 0.0565** 0.421*** -0.0777*** -0.0751***
(0.0674) (0.0266) (0.147) (0.0112) (0.0168)

Jan–Apr × Log (Pre-COVID Home Value) 0.0737** 0.116*** 0.392** -0.109*** -0.119***
(0.0287) (0.0299) (0.166) (0.0120) (0.0244)

Observations 56,768 56,768 56,768 34,524 14,525
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Note: The sample comprises all counties between January 2016 and April 2021 (up to March 2021 for HPI). The dependent variable includes log sales, log new
listings, log inventory, log HPI, and log rents. In Panel A, After is a dummy variable that is equal to 1 if the observation is after March 2020, and 0 otherwise.
In Panel B, the month dummies are indicators of the corresponding month. Apr–Aug represents months between April and August of 2020. Sep–Dec represents
months between September and December of 2020. Jan–Apr represents months between January and April of 2021. Pre-COVID Home Value is the mean of
monthly median house sales value in 2019. All specifications in Panel A include city-time fixed effects, county fixed effects, After × log income level, After
× fraction of whites, and After × log average case rate. (After is replaced with post-COVID-19 month dummies in Panel B.) Observations are weighted by
the county’s population in columns 1–4 and the county’s renter population in column 5. Standard errors are clustered at the MSA level: *** p < 0.01, ** p <
0.05, *p < 0.1.
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Table A3: Heterogeneous Effects of COVID-19 across ZIP Codes:
Sales and New Listings

Log (Sales) Log (New Listings)
(1) (2)

After × Log (Distance to Downtown) -0.0188*** -0.0215***
(0.00694) (0.00559)

After × Log (Density) -0.0515*** -0.0229***
(0.00769) (0.00475)

After × Log (Jobs per capita) -0.00734 0.00223
(0.00610) (0.00917)

After × Log (Share of Telework-Compatible Jobs) 0.0416** 0.0342
(0.0164) (0.0228)

After × Log (Restaurants per capita) 0.0139** 0.0155*
(0.00637) (0.00939)

After × Log (Pre-COVID Home Value) -0.0247 0.0380**
(0.0196) (0.0162)

After × Log (Income) -0.000836 -0.0870***
(0.0205) (0.0201)

After × Log (Share of Whites) 0.0453*** 0.0600***
(0.00791) (0.00674)

Observations 572,607 572,607

Note: The sample comprises all ZIP Codes between January 2016 and February 2021, except April 2020. The depen-
dent variable includes log sales and log new listings. After is a dummy variable that is equal to 1 if the observation is
after march 2020, and 0 otherwise. All specifications include year city-time fixed effects, Zip Code fixed effects, and
After × log average case rate. Observations are weighted by the ZIP Code’s population. Note that ZIP Code level
sales and new listings are reported as the three-month moving average led by the month shown. Standard errors are
clustered at the MSA level: *** p < 0.01, ** p < 0.05, *p < 0.1.
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Table A4: Heterogeneous Effects of COVID-19 across ZIP Codes: Effects by Month

Log (Sales) Log (New Listings) Log (Inventory) Log (HPI) Log (Rents)
(1) (2) (3) (4) (5)

May–Aug × Log (Distance to Downtown) -0.00220 -0.0160*** -0.0326*** -0.00364 0.00459
(0.00471) (0.00560) (0.0123) (0.00326) (0.00367)

Sep–Dec × Log (Distance to Downtown) -0.0153* -0.0250*** -0.0821*** -0.00396 0.00763
(0.00911) (0.00688) (0.0152) (0.00354) (0.00498)

Jan–Apr × Log (Distance to Downtown) -0.0388*** -0.0235*** -0.0882*** -0.00224 0.0119*
(0.00940) (0.00726) (0.0203) (0.00432) (0.00611)

May–Aug × Log (Density) -0.0444*** -0.0318*** -0.0304*** -0.00103 -0.00481*
(0.00579) (0.00915) (0.00684) (0.00317) (0.00267)

Sep–Dec × Log (Density) -0.0578*** -0.0147*** -0.0307*** -0.00317 -0.0101***
(0.0143) (0.00489) (0.0103) (0.00388) (0.00377)

Jan–Apr × Log (Density) -0.0523*** -0.0221*** -0.0484*** -0.00497 -0.0154***
(0.00597) (0.00753) (0.0138) (0.00493) (0.00506)

May–Aug × Log (Jobs per capita) -0.00827 -0.000610 -0.00310 0.0123*** -0.000472
(0.00536) (0.0103) (0.0150) (0.00274) (0.00269)

Sep–Dec × Log (Jobs per capita) -0.00750 0.00363 0.00627 0.0114*** -0.00437
(0.00704) (0.00956) (0.0183) (0.00323) (0.00357)

Jan–Apr × Log (Jobs per capita) -0.00626 0.00368 0.00109 0.0117*** -0.00836*
(0.00794) (0.00923) (0.0210) (0.00399) (0.00474)

May–Aug × Log (Share of Telework-Compatible Jobs) 0.0160 0.0463 0.152*** -0.0274*** -0.0197***
(0.0185) (0.0290) (0.0311) (0.00661) (0.00581)

Sep–Dec × Log (Share of Telework-Compatible Jobs) 0.0541** 0.00660 0.155*** -0.0359*** -0.0246***
(0.0239) (0.0191) (0.0344) (0.00733) (0.00766)

Jan–Apr × Log (Share of Telework-Compatible Jobs) 0.0547*** 0.0498* 0.170*** -0.0412*** -0.0284***
(0.0193) (0.0272) (0.0438) (0.00852) (0.00984)
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May–Aug × Log (Restaurants per capita) 0.000352 0.00937 0.0444*** -0.0227*** -0.00697**
(0.00652) (0.0101) (0.0141) (0.00328) (0.00274)

Sep–Dec × Log (Restaurants per capita) 0.00911 0.0150 0.0705*** -0.0239*** -0.00657*
(0.00735) (0.0103) (0.0188) (0.00392) (0.00332)

Jan–Apr × Log (Restaurants per capita) 0.0324*** 0.0222** 0.0869*** -0.0285*** -0.00559
(0.00744) (0.00942) (0.0214) (0.00501) (0.00433)

May–Aug × Log (Pre-COVID Home Value) -0.0132 0.0558 0.216*** 0.0124 -0.0139***
(0.0126) (0.0358) (0.0322) (0.00792) (0.00484)

Sep–Dec × Log (Pre-COVID Home Value) -0.0594 0.0303** 0.248*** 0.0116 -0.0240***
(0.0447) (0.0136) (0.0395) (0.00967) (0.00737)

Jan–Apr × Log (Pre-COVID Home Value) -0.00153 0.0279** 0.229*** 0.0179 -0.0342***
(0.0167) (0.0119) (0.0442) (0.0128) (0.00994)

May–Aug × Log (Income) 0.0441** 0.0272 -0.198*** -0.0655*** -0.0208***
(0.0183) (0.0299) (0.0443) (0.00944) (0.00670)

Sep–Dec × Log (Income) 0.0778* -0.124*** -0.447*** -0.0730*** -0.0236***
(0.0402) (0.0210) (0.0577) (0.0116) (0.00802)

Jan–Apr × Log (Income) -0.124*** -0.164*** -0.519*** -0.0852*** -0.0254**
(0.0217) (0.0177) (0.0639) (0.0162) (0.0104)

May–Aug × Log (Share of Whites) 0.0287*** 0.0616*** 0.0221** 0.00858** -0.00458
(0.00582) (0.00549) (0.0112) (0.00396) (0.00280)

Sep–Dec × Log (Share of Whites) 0.0602*** 0.0764*** 0.0617*** 0.0127** -0.00531*
(0.00975) (0.00846) (0.0115) (0.00488) (0.00292)

Jan–Apr × Log (Share of Whites) 0.0472*** 0.0421*** 0.0309* 0.0136** -0.00619*
(0.0112) (0.00854) (0.0167) (0.00585) (0.00340)

Observations 572,607 572,607 572,607 356,500 142,872
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Note: The sample comprises all ZIP Codes between January 2016 and February 2021, except April 2020. The dependent variable includes log sales, log new listings, log
inventory, log HPI, and log rents. The month dummies are indicators of the corresponding month of 2020 or 2021. All specifications include city-time fixed effects, Zip Code
fixed effects, and post-COVID-19 month dummies × log average case rate. Observations are weighted by the ZIP Code’s population in columns 1–4 and the ZIP Code’s renter
population in column 5. Note that ZIP Code level sales and new listings are reported as the three-month moving average led by the month shown. Standard errors are clustered
at the MSA level: *** p < 0.01, ** p < 0.05, *p < 0.1.
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Table A5: Robustness Check: Using Telework-compatibility Data from Su (2020)

Log (Sales) Log (New Listings) Log (Inventory) Log (HPI) Log (Rents)
(1) (2) (3) (4) (5)

After × Log (Distance to Downtown) -0.0199*** -0.0222*** -0.0692*** 0.00148 0.00818*
(0.00704) (0.00555) (0.0147) (0.00224) (0.00491)

After × Log (Density) -0.0508*** -0.0224*** -0.0351*** -0.000566 -0.0102***
(0.00764) (0.00481) (0.00992) (0.00232) (0.00378)

After × Log (Jobs per capita) -0.00340 0.00391 -0.00352 0.00325 -0.00365
(0.00613) (0.0101) (0.0176) (0.00300) (0.00390)

After × Log (Share of Telework-Compatible Jobs) 0.0211 0.0231 0.154*** -0.0231*** -0.0231***
(0.0142) (0.0225) (0.0302) (0.00433) (0.00776)

After × Log (Restaurants per capita) 0.0106* 0.0141 0.0708*** -0.00787*** -0.00701*
(0.00638) (0.00996) (0.0173) (0.00288) (0.00354)

After × Log (Pre-COVID Home Value) -0.0230 0.0391** 0.233*** -0.0279*** -0.0244***
(0.0196) (0.0164) (0.0382) (0.00848) (0.00727)

After × Log (Income) 0.000973 -0.0858*** -0.384*** -0.0237*** -0.0237***
(0.0209) (0.0201) (0.0539) (0.00584) (0.00837)

After × Log (Share of Whites) 0.0449*** 0.0596*** 0.0360*** 0.00455** -0.00493
(0.00802) (0.00667) (0.0127) (0.00211) (0.00303)

Observations 572,607 572,607 572,607 355,446 142,872

Note: The sample comprises all ZIP Codes between January 2016 and April 2021 (up to March 2021 for HPI), except April 2020. The dependent variable includes log
sales, log new listings, log inventory, log HPI, and log rents. After is a dummy variable that is equal to 1 if the observation is after March 2020. The number of jobs
per capita and the share of jobs within 3 miles of a ZIP Code are estimated using data from Su (2020). All specifications include city-time fixed effects, Zip Code fixed
effects, and After × log average case rate. Observations are weighted by the ZIP Code’s population in columns 1–4 and the ZIP Code’s renter population in column
5. Note that ZIP Code level sales and new listings are reported as the three-month moving average led by the month shown. Standard errors are clustered at the MSA
level: *** p < 0.01, ** p < 0.05, *p < 0.1.
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Table A6: Heterogeneous Effects of the COVID-19 Pandemic across MSAs

Log (Sales) Log (New Listings) Log (Inventory) Log (HPI) Log (Rents)
(1) (2) (3) (4) (5)

After × Log (Population) -0.0241*** -0.00921 7.97e-05 -0.000579 0.00132
(0.00711) (0.00764) (0.0141) (0.00168) (0.00223)

After × Log (Share of Teleworkers) 0.0888 0.0921 0.383** -0.0195 -0.0412**
(0.0690) (0.0726) (0.166) (0.0145) (0.0179)

After × Log (Restaurants per capita) 0.00221 0.0395 0.0293 0.00450 0.00307
(0.0263) (0.0284) (0.0672) (0.00543) (0.00953)

After × Log (Pre-COVID Home Value) -0.0586*** 0.0524** 0.159*** -0.0114*** -0.0186***
(0.0220) (0.0234) (0.0492) (0.00413) (0.00622)

After × Log (Income) 0.133** 0.0201 -0.316** 0.0338*** 0.00133
(0.0590) (0.0528) (0.124) (0.0122) (0.0172)

After × Log (Share of Whites) -0.0304* -0.0170 -0.00473 0.00391 0.00316
(0.0169) (0.0230) (0.0403) (0.00413) (0.00649)

Observations 10,496 10,496 10,496 9,639 5,555

Note: The sample comprises all MSAs between January 2016 and April 2021 (up to March 2021 for HPI). The dependent variable includes log sales, log
new listings, log inventory, log HPI, and log rents. After is a dummy variable that is equal to 1 if the observation is after March 2020. All specifications
include year × month, MSA × year, and MSA × month fixed effects, and After× log average case rate. Observations are weighted by the MSA’s
population in columns 1–4 and the MSA’s renter population in column 5. Standard errors are clustered at the MSA level: *** p < 0.01, ** p < 0.05, *p <
0.1.
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Table A7: Heterogeneous Effects of the COVID-19 Pandemic across MSAs: Effects by Month

Log (Sales) Log (New Listings) Log (Inventory) Log (HPI) Log (Rents)
(1) (2) (3) (4) (5)

Apr–Aug × Log (Population) -0.0451*** -0.0237** -0.0142 -5.78e-05 0.00746*
(0.0115) (0.00983) (0.00937) (0.00130) (0.00429)

Sep–Dec × Log (Population) 0.00286 0.00933 0.0183 -0.00123 -0.00648***
(0.00732) (0.00944) (0.0227) (0.00259) (0.00216)

Jan–Apr × Log (Population) 0.0110 0.0232* 0.0178 -0.00217 -0.0119**
(0.00989) (0.0123) (0.0238) (0.00405) (0.00471)

Apr–Aug × Log (Share of Teleworks) 0.256** 0.329*** 0.424*** -0.00243 -0.0565**
(0.110) (0.0913) (0.111) (0.0108) (0.0264)

Sep–Dec × Log (Share of Teleworks) -0.125 -0.211** 0.331 -0.0408* -0.0217
(0.0866) (0.105) (0.253) (0.0225) (0.0288)

Jan–Apr × Log (Share of Teleworks) -0.157 -0.117 0.248 -0.0240 -0.0352
(0.115) (0.125) (0.297) (0.0322) (0.0691)

Apr–Aug × Log (Restaurants per capita) -0.0145 -0.00254 -0.0831** 0.000603 0.0256
(0.0532) (0.0333) (0.0410) (0.00399) (0.0178)

Sep–Dec × Log (Restaurants per capita) 0.0237 0.0934** 0.173 0.00936 -0.0258**
(0.0554) (0.0429) (0.110) (0.00837) (0.0123)

Jan–Apr × Log (Restaurants per capita) 0.0563 0.0454 0.182 -0.0238** -0.0791**
(0.0745) (0.0633) (0.145) (0.0119) (0.0314)

Apr–Aug × Log (Pre-COVID Home Value) -0.106*** 0.0464** 0.174*** -0.0109*** -0.0116
(0.0336) (0.0234) (0.0306) (0.00326) (0.00983)

Sep–Dec × Log (Pre-COVID Home Value) 0.00231 0.0600 0.140* -0.0119* -0.0276***
(0.0275) (0.0389) (0.0769) (0.00638) (0.00621)

Jan–Apr × Log (Pre-COVID Home Value) 0.0815** 0.0877** 0.143 0.0408*** -0.0103
(0.0348) (0.0385) (0.0923) (0.0115) (0.0135)
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Apr–Aug × Log (Income) 0.0957 -0.144** -0.390*** 0.0155* 0.0156
(0.0869) (0.0553) (0.0833) (0.00876) (0.0274)

Sep–Dec × Log (Income) 0.182** 0.230** -0.220 0.0567*** -0.0171
(0.0788) (0.0981) (0.188) (0.0195) (0.0216)

Jan–Apr × Log (Income) 0.0587 0.0259 0.0671 -0.0394 -0.0908*
(0.0996) (0.100) (0.250) (0.0321) (0.0464)

Apr–Aug × Log (Share of Whites) -0.0487* -0.0185 0.0183 -0.00103 0.0118
(0.0252) (0.0319) (0.0280) (0.00297) (0.0101)

Sep–Dec × Log (Share of Whites) -0.00704 -0.0152 -0.0342 0.0101* -0.00782
(0.0210) (0.0334) (0.0607) (0.00601) (0.00757)

Jan–Apr × Log (Share of Whites) -0.0678** -0.0478 -0.120* 0.0392*** 0.00951
(0.0275) (0.0364) (0.0678) -0.00802 (0.0148)

Observations 10,496 10,496 10,496 9,639 5,555

Note: The sample comprises all MSAs between January 2016 and April 2021 (up to March 2021 for HPI). The dependent variable includes log sales, log new
listings, log inventory, log HPI, and log rents. The month dummies are indicators of the corresponding month of 2020 or 2021. All specifications include year
× month, MSA × year, and MSA × month fixed effects, and post-COVID-19 month dummies × log average case rate. Observations are weighted by the
MSA’s population in columns 1–4 and the MSA’s renter population in column 5. Standard errors are clustered at the MSA level: *** p < 0.01, ** p < 0.05,
*p < 0.1.
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Table A8: Effects of COVID-19 across ZIP Codes: Controlling for Monthly Seasonality

Log (Inventory) Log (HPI) Log (Rents)
(1) (2) (3)

Panel A: Baseline

After × Log (Distance to Downtown) -0.0881*** 0.000851 0.00930***
(0.0123) (0.000957) (0.00108)

After × Log (Density) 0.0277*** -0.00315** -0.00728***
(0.00750) (0.00157) (0.00210)

Observations 627,228 359,104 144,442

Panel B: Neighborhood Characteristics

After × Log (Distance to Downtown) -0.0403*** -0.000880 0.00381**
(0.00847) (0.00106) (0.00146)

After × Log (Density) 0.00981 -0.00179* -0.00640***
(0.00658) (0.000934) (0.00134)

After × Log (Jobs per capita) 0.0182 0.000628 -0.00733***
(0.0118) (0.00116) (0.00167)

After × Log (Share of Telework-Compatible Jobs) 0.0921*** -0.00417* -0.00453
(0.0249) (0.00246) (0.00274)

After × Log (Restaurants per capita) 0.0285** -0.00135 0.00348**
(0.0123) (0.00148) (0.00139)

After × Log (Pre-COVID Home Value) 0.0974*** -0.00643** -0.0138***
(0.0353) (0.00266) (0.00334)

Observations 574,686 356,500 143,435

Note: The sample comprises all ZIP Codes between January 2016 and April 2021 (up to March 2021 for HPI), except April
2020. The specification deviates slightly from Equation 1 in Section 3.1. Instead of adding city-time and Zip Code fixed
effects, we add the Zip Code × month, Zip Code × year, time, and After × city fixed effects. We also control for After ×
Log (Income) and After × Log (Share of Whites). Observations are weighted by the ZIP Code’s population in columns 1–2,
and the ZIP Code’s renter population in column 3. Standard errors are clustered at the MSA level: *** p < 0.01, ** p < 0.05,
*p < 0.1.
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Table A9: Effects of COVID-19 across ZIP Codes: Removing Average Case Rates as a Control Variable

Log (Inventory) Log (HPI) Log (Rents)
(1) (2) (3)

Panel A: Baseline

After × Log (Distance to Downtown) -0.157*** 0.00555** 0.0201***
(0.0232) (0.00257) (0.00357)

After × Log (Density) 0.00787 0.000370 -0.0106
(0.0174) (0.00299) (0.00665)

Observations 624,204 358,112 143,879

Panel B: Neighborhood Characteristics

After × Log (Distance to Downtown) -0.0680*** 0.000963 0.00695
(0.0152) (0.00218) (0.00521)

After × Log (Density) -0.0347*** 9.66e-05 -0.0106**
(0.0101) (0.00210) (0.00450)

After × Log (Jobs per capita) 0.00339 0.00301 -0.00512
(0.0171) (0.00285) (0.00438)

After × Log (Share of Telework-Compatible Jobs) 0.155*** -0.0256*** -0.0239***
(0.0350) (0.00422) (0.00754)

After × Log (Restaurants per capita) 0.0658*** -0.00782*** -0.00578
(0.0173) (0.00272) (0.00386)

After × Log (Pre-COVID Home Value) 0.226*** -0.0285*** -0.0275***
(0.0423) (0.00911) (0.0101)

Observations 572,607 355,446 142,872

Note: The sample comprises all ZIP Codes between January 2016 and April 2021 (up to March 2021 for HPI), except April
2020. The estimation is based on Equation 1 in Section 3.1, except that we do not control for After × log(CaseRate). We
control for After × Log (Income) and After × Log (Share of Whites). Observations are weighted by the ZIP Code’s population
in columns 1–2, and the ZIP Code’s renter population in column 3. Standard errors are clustered at the MSA level: *** p <
0.01, ** p < 0.05, *p < 0.1.
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