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Abstract

The goal of this paper is to analyze the county-level impact of public policies related to COVID-
19 on the housing market in U.S. Aimed at reducing the spread of the virus, different states
throughout the U.S. enacted non-pharmaceutical interventions (NPIs) such as shelter-in-place
and eviction moratoria, in different months and for varied stretches throughout 2020 and 2021.
Shelter-in-place orders could potentially limit the ability of home-buyers and sellers to interact
as well as they could pre-COVID, introducing frictions in the process of selling houses. Pro-
longed and over-lapping eviction moratoria could dampen the construction of multi-family units
and encourage the landlords to sell rented-out apartments. This paper attempts to investigate
if and how these interventions causally impacted the county-level housing sales and building
permits approval in the U.S. The paper estimates the average treatment effect of these orders
using a traditional generalized difference-in-difference estimator and a recent variation of the
estimator that is more suited to multiple treatment groups with staggered treatment introduc-
tions and withdrawals. The results show that shelter-in-place is associated with significantly
smaller year-on-year changes in sales of single-family houses, condominiums and the collection
of all residences. Selective moratoria on eviction hearings and judgements are also found to be
associated with smaller year-on-year changes in multi-family building permit approvals.
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1 Introduction

The housing market in the U.S., through residential investment and consumption spending on

housing, is one of the major drivers of the U.S. economy, averaging approximately 15-18% of

the GDP.1 With the onset of COVID-19, the increase in cases and the consequent responses to

the spread of the disease caused substantial changes in the entire U.S. economy, including its

housing market, with some of these changes prevailing long after the initial spike in cases. As

the pandemic continued, the associated reductions in income and employment, and the lowering

of mortgage rates, had spillover effects on housing demand2 and rental markets (as discussed by

Batalha et al. (2022).3 Exploring more direct effects of COVID, some studies attribute shifts in

consumer preferences and the introduction of work-from-home (discussed by Brueckner et al. (2021)

and Brueckner and Sayantani (2022))4 as key drivers of changing trends in housing prices, rents,

valuations and urban flight.5

In addition, many studies are now attempting to isolate the effects of the non-pharmaceutical

interventions (NPIs) related to COVID6 from the overall pandemic-induced changes and to in-

vestigate how the housing market responded to the NPIs. These interventions, directed towards

reducing the spread of the disease and mitigating the hardships it caused, ranged from closure of

non-essential businesses and schools to prohibiting some or all parts of the rental eviction process.

This paper focuses on two particular NPIs, shelter-in-place and eviction moratoria, and attempts to

find their causal impacts on changes in housing sales and building permit approval in the U.S. With

substantial variation in adoption both over time and across counties, the effects of shelter-in-place

(SIP) and eviction moratoria can be reliably studied.

SIP orders, enacted at different points of time across different states, potentially caused frictions

1Residential investment includes construction of new single-family and multifamily structures, residential remod-
eling, production of manufactured homes. Consumption spending on housing services includes rents and utilities
(actual, for renters and imputed for home-owners). Statistics from the National Association of Home Builders.

2Zhao (2020) finds an increase in housing demand since March 2020 in response to lowered mortgage rates.
3Analysing the impact of the negative shock on short-term rentals caused by COVID-19 in Lisbon, Batalha et

al. (2022) compile findings suggesting that landlords relocated properties into the long-term rental markets.
4Brueckner et al. (2021) studies impacts of work-from-home in the housing prices and rent from both intercity and

intracity perspectives in the presence of variation in productivities within and between cities. Brueckner and Sayantani
(2022) study an extension, using a similar model that differentiates between remote and non-remote workers.

5Coven et al. (2022) find that urban residents fled to socially connected areas, consistent with the theory that
individuals sheltered with friends and family, or in second homes. Populations that fled were disproportionately
younger, whiter, and wealthier.

6These policy interventions do not include vaccinations or any other medical interventions to reduce the spread of
the disease.
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in the home-buying and selling process by severing the contact between buyers and sellers. These

frictions, coupled with short-term disruptions in mobility (discussed by Elenev et al. (2022)) could

have lead to a lower volume of housing sales. Hence, the first section of this paper attempts to

estimate the impact of the enactment of SIP orders on the year-on-year changes in housing sales,

controlling for other COVID-driven factors, with the hypothesis being that SIP reduces change in

housing sales.

The second section of the paper looks at moratoria on evictions, enacted federally or by indi-

vidual states, aimed at reducing the hardship from COVID related income reductions and reducing

the proliferation of COVID cases amongst evicted tenants. Eviction moratoria across the different

states varied in terms of strength and time of adoption and lasted longer than SIP orders. Prolonged

moratoria on eviction and the inability of landlords to evict tenants could disincentivize builders

from constructing units for rent. Thus, a second focus of this paper is to analyze the response of

year-on-year changes in approvals of building permits for multi-family units7 to the adoption of

eviction moratoria. The hypothesis here is that the presence of moratoria reduces the change in

permits approved for building rental units.8 Additionally, faced with the uncertainty regarding the

continuation of the eviction moratoria, the landlords may decide that owning is infeasible and elect

to sell for-rent apartments.9 A third part of the paper hence attempts to quantify how the eviction

moratoria changed year-on-year sales of multi-family buildings, with the hypothesis being that the

moratoria would lead to bigger changes in multi-family sales.

For the housing sales and SIP section of the analysis, accounting for the heterogeneity in sales

responses across housing types, the paper considers county-level, monthly sales of single-family

houses, multi-family buildings, condos, townhouses and all-residences (the collection of all the

preceding types) as outcome variables. The data spans 13 months and approximately 1300 counties.

The primary treatment variable, SIP orders, were adopted around March 2020 and while these

orders were adopted in a staggered fashion, they were not rescinded at the same time across

counties. The data also contain a relatively low count of control counties, in which SIP was never

7According to a recent study, multifamily buildings make up about 61% of the country’s available rental stock.
The other 39% are single-family units, including detached houses, duplexes, townhouses, mobile homes, RVs, and
other types of housing. Data are from www.jchs.harvard.edu/americas-rental-housing

8Multi-family refers to five-plus unit buildings. See the data section for more details.
9According to the National Rental Home Council (NRHC), 23% of single-family rental owners have already sold

at least one property since the start of the COVID pandemic.
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enacted. The housing sales data are collected from a realty brokerage firm, Redfin, and the SIP data

are collected from Keystone Strategy and Husch-Blackwell, firm-level resource centers on COVID

NPIs.

In the section of the analysis focusing on building permit and eviction moratoria, the paper uses

only a singular outcome variable of interest: year-on-year changes in number of units approved for

5+ unit buildings.10 Multiple treatment variables or moratoria indicators are used, which vary by

blocking different stages of eviction process (hearings, judgements, executions) and by considering

different causes for being evicted (hardship and/or non-payment). Notably, moratoria orders varied

largely both in terms of length and continuity. These orders followed a staggered roll-out design, but

did not end uniformly across states. In many cases, various degrees of the moratoria were instated,

revoked and re-instated again through 2020 and 2021. This set-up makes for an interesting and

challenging econometric analysis where treatments switch off and on multiple times. The building

permits data are collected from the US Census Bureau Building Permits Survey and the eviction

moratorium data is collected from Benfer et al. (2022).11

For both the NPIs considered, the paper uses three sequential specifications to identify how these

treatments impact the outcomes of interest. The first and baseline specification involves employing

a generalized difference-in-difference or two-way fixed effects (TWFE) estimation, controlling for

county and month fixed effects. The addition of month-fixed effects captures shifts within the year

that are associated with the progress of the pandemic, which occur in addition to the year-on-year

changes in outcomes due to the NPIs. In order to account for the NPIs having potential anticipatory

and lagged effects on sales and building permit approvals, the paper presents event-study graphs

for selective housing types and eviction moratorium indicators. The graphs show approximately

eight lag and eight lead indicators, relative to the first time the NPIs begin. As validity checks

to these event-study graphs, the paper also presents (in the appendix) event-study graphs for the

event of the NPIs ending.

Recently, many economists have discussed the challenges in interpreting the estimated coef-

10The paper also presents valuation results for 5+ unit buildings and analyzes single, double and three-four unit
buildings as well. However, assuming that most buildings up for rent are multi-family units, these type of buildings
are not the primary focus of the paper.

11Researchers Emily Benfer and Robert Koehler employed longitudinal policy surveillance to comprehensively
describe state involvement in the eviction moratorium resulting from the emergence of the COVID-19 pandemic and
continuing through the end of substantive state intervention.
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ficients from TWFE models when treatment effects are heterogeneous over time and/or across

groups.12 With the treatments in the current paper exhibiting considerable heterogeneity in their

starting, progression and ending points, the paper attempts to add a third set of results to the

baseline TWFE regressions by applying an estimator more suited to multiple treatment groups.

This estimator is formulated by de Chaisemartin & D’Haultfoeuille (2020a) and is denoted by

DIDM .13 Two time-varying county-level covariates are controlled for: number of COVID cases

and year-on-year employment change. However, owing to NPI-caused employment or COVID

changes potentially confounding the treatment effects on the housing market, the paper presents

results both with and without adding these controls, for all three specifications (baseline TWFE,

event-studies and DIDM TWFE).

The baseline TWFE results from regressing housing sales on SIP show that enacting the order

resulted in smaller year-on-year changes in sales for all types of houses, (although to a lesser

degree for multi-family buildings), favoring the paper’s hypothesis. From the event-study graphs,

it appears that for the group of all residences, an anticipatory effect of the order starts depressing

the year-on-year sales changes about three periods before its enactment. When no controls are

added, the lags show continuation of smaller changes in sales after SIP is enacted, implying a lack

of sales recovery.14

Using the DIDM estimator, significant results for change in sales are recorded only for single-

family, condos and all-residences. Without controls, SIP is found to reduce the year-on-year change

in county sales of single-family, condos and townhouses by 24, 15 and 29 units respectively. The

magnitudes of these changes are around 5 times higher than the mean absolute sales changes of con-

dos and single-family houses, and around half of the mean sales change of all-residences. Compared

to pre-pandemic year-on-year changes, it appears that SIP reduced single-family, condominium,

and all-residential year-on-year changes in housing sales by approximately 26%, 41% and 24%

respectively.

The baseline TWFE estimation shows that the overall eviction moratorium and moratoria

12Comparing newly treated units relative to already treated units produces less robust average treatment effects
owing to the presence of negative weights in the weighted sum of treatment effects in each treatment group.

13In terms of ensuring causality, DIDM relies on a variant of the standard common trends assumption that is
tested by a new ‘placebo effect’ proposed by de Chaisemartin & D’Haultfoeuille (2020a).

14With the addition of controls however, the evolution of the lagged coefficients suggests a recovery with bigger
sales changes changes, although they never reach as high as pre-pandemic levels.
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on some eviction hearings and judgements result in smaller year-on-year change in multi-family

units approved. Particularly, an overall eviction moratorium along with moratoria on non-payment

based eviction hearings, on hardship based eviction judgements, and on either cause-based eviction

hearings are associated with reductions of the year-on-year change in number of units approved. The

event-studies do not show any significant anticipatory reduction no significant or lagged responses

in building permit approval, to selective moratoria measures.

The DIDM results show that, upon adding controls, moratoria on non-payment based eviction

hearings and on non-payment based eviction executions reduce the year-on-year change in units

approved by approximately 44 units (around 6 times the mean) and 30 units (4.29 times the mean

of approximately 715) respectively.16 Compared to pre-pandemic year-on-year change, moratoria

on non-payment based eviction hearings and on non-payment based eviction executions reduce the

year-on-year change in units approved by approximately 67% and 46% respectively.

An overall eviction moratorium along with moratoria on non-payment based eviction hearings

and hardship-based eviction judgements are associated with higher year-on-year changes in multi-

family sales from the baseline TWFE estimation, as predicted. However, this result is not robust to

the application of the DIDM estimator, which when used produces negative regression coefficients.

Negative coefficients translate to smaller year-on-year changes in multi-family sales as a response

to moratoria, contrary to the paper’s hypothesis.

This paper fits into the broader literature that discusses the effect of NPIs, like stay-at-home

orders, shelter-in-place orders and eviction moratoria on urban outcomes. For instance, Elenev et

al. (2021) explore U.S. county level direct and spillover effects of stay-at-home orders (SHO) by

using contiguous county triplets and find that mobility in neighboring counties declined by a third

to a half as much as in the SHO adopting locations. Some recent studies explore how eviction

moratoria could reduce the spread of COVID, reducing COVID deaths (Nande et al.(2021), Jowers

et al. (2021)) and affect children’s health and neighbourhood poverty (Leifheit et al. (2020)).

In the context of how COVID and NPIs have affected the housing market, this paper is most

closely related to Yoruk (2022), who discusses the year-on-year drop in new home listings and

15The mean is obtained by averaging year-on-year sales changes over all the 36 months and across all the counties
available in the data.

16On controlling for state-specific trends and the usual controls, an overall moratorium is associated with reduction
of year-on-year change in units approved by approximately 12 units.
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pending home sales in response to multiple NPIs, particularly the closure of non-essential busi-

nesses in the U.S. The current paper analyses SIP and moratoria effects, NPIs not considered by

Yoruk (2022), and improves further with the inclusion of longer term data. In terms of housing

demand, Zhao (2020) uses non-parametric estimation to show that the growth rates of the median

housing price increased faster with the onset of COVID-19 compared to any period preceding the

2007-09 financial crisis. Using microlevel data on U.S. residential property transactions, D’Lima

et al. (2021) find that post-shutdown, pricing effects not only depend on population density but

also on the size and structural density of properties. They also document a significant decrease

in sales for markets under a shutdown, a conclusion supported by the sales change response to

shelter-in-place orders, found in the current paper.

Discussing eviction mortatorium, Benfer et al. (2022) demonstrate how the framework they

formulate, describing and analyzing eviction moratoria, can be used to assess the predictors of policy

implementation and to evaluate the efficacy of these policies. Beyond that study, considerably less

attention has been given to the construction and sales impacts of these moratoria in the U.S. Since

such prolonged moratoria on eviction have never been adopted before, studying their effects can

help recognize which stages of evictions being prohibited can have significant impacts on building

permit approvals.

Liu and Su (2021) find that the diminished need for living close to telework-compatible jobs and

the declining value of access to consumption amenities has caused housing demand to move away

from dense locations in the U.S. Huang et al. (2022) reiterate similar conclusions using housing

price and gradient data from 60 Chinese cities. Brueckner et al. (2021), Delventhal, Kwon &

Parkhomenko (2020), Delventhal & Parkhomenko (2020) and Gokan, Kichko & Thisse (2021) use

spatial models to explore how the introduction of work-from-home in the wake of the pandemic

modified cities in the terms of housing prices, worker productivity and amenities. The current paper

contributes to this literature by attempting to empirically segregate the public-intervention related

effects of COVID, with special emphasis on a relatively lesser explored NPI: eviction moratoria.
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2 Data

The empirical analyses and results use three major datasets constructed using four underlying

databases: Housing Sales, Building Permits Survey, Shelter-in-Place and Eviction Moratoria. De-

tails of the original databases are as follows:

Housing Sales: County-level monthly sales of residences are obtained from Redfin, a national

real estate brokerage. Redfin computes sales, months of supply, sale-to-list price ratio and a host

of other housing-related statistics daily as either a rolling 1, 4 or 12-week window. The local data

are grouped by metropolitan area and by county.17 Housing types available in the data include

single-family houses, multi-family houses, condos, townhouses and the collection of all the preceding

types of dwellings.

Building Permits Survey (BPS): At the county level, the monthly number and valuation of

buildings approved to be constructed are obtained from the US Census Bureau Buildings Permits

Survey. Building permits data are collected from individual permit offices, most of which are

municipalities; the remainder are counties, townships, or New England and Middle Atlantic-type

towns.18 The 2014 universe of the BPS includes approximately 20,100 permit-issuing places and

is used from January of 2014 forward. Data are shown for the number of buildings, number

of housing units, and permit valuation within four sizes of residential buildings: (1) single family

houses (attached and detached combined), (2) two-unit buildings, (3) three- and four-unit buildings,

and (4) buildings with five or more units. When a report is not received, missing housing unit

data are either obtained from the Survey of Construction (which is used to collect information

on housing starts, sales, and completions) or imputed, based on the assumption that the ratio of

authorizations for the current time period to the prior year total is the same for reporting and

non-reporting jurisdictions in that Census region.

Shelter-in-Place (SIP): Shelter-in-Place orders are advisory notices enacted by the city,

county or state Government that people should shelter at home except for essential reasons. The

paper focuses on SIPs because apart from closure of non-essential businesses, they were the most

17Data available here: https://www.redfin.com/news/data-center/
18The Building Permits Survey covers all “permit-issuing places”, defined as jurisdictions that issue building or

zoning permits. Zoning permits are used only for areas that do not require building permits but require zoning
permits. Areas for which no authorization is required to construct a new privately-owned housing unit are not
included in the survey.
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widely adopted NPI, with substantial variation in adoption both over time and across counties.

The dataset on the county-level implementation of SIPs merges county-specific and state-specific

adoption dates from Keystone Strategy, a consulting firm, and Husch Blackwell, an industry-

centric law firm that developed a COVID-19 resource center to monitor and update COVID-19

rules, restrictions, orders and guidance that affect businesses across the country. Figure 1 shows

the variation in the prevalence of SIP orders across different U.S. states.

Eviction Moratoria: A comprehensive database of state-level eviction moratoria is obtained

from “Eviction Moratoria & Housing Policy: Federal, State, Commonwealth, and Territory” from

OpenICPSR.19 Researchers Emily Benfer and Robert Koehler employed longitudinal policy surveil-

lance to comprehensively describe state, court and legislature involvement in the eviction morato-

rium resulting from the emergence of the COVID-19 pandemic and continuing through the end of

substantive state intervention.20 Researchers developed a dynamic, novel dataset consisting of over

50 indicators that captured the temporal and substantive features of these moratoria and renter-

supportive measures. The database documents dates at which states prohibited any part of the

eviction process, dates at which states recognized the authority of CDC moratorium (or required

that a landlord filing for eviction provide a certification/affirmation that the tenant had not pro-

vided the landlord with a CDC Declaration), and dates at which the state required certification

of CARES Act non-coverage for eviction-filings. Eviction moratoria indicators also capture the

variation in degrees of strength of moratoria (prohibition on eviction notices, filling, court hearing,

judgment and execution) and variation in causes for eviction (non-payment, hardship-related, or

all causes). Figures 2(a), 2(b) and 2(c) show state-level variations in the longevity of the some

eviction moratoria indicators that the paper focuses on.

As part of the main regressions, the paper also uses county-level monthly number of COVID

cases and deaths, obtained from Covid Act Now API, and county-level monthly employment (sum of

federally, locally, private and state government owned industries), obtained from the US Quarterly

Census of Employment and Wages.

19https://www.openicpsr.org/openicpsr/project/157201/version/V1/view
20The study relied on an exhaustive collection of all emergency orders and legislation that controlled the eviction

process, related to protections under federal moratoria, or provided support to tenants and that were issued by state
governors, courts, and legislative bodies between March 13, 2020 and March 1, 2022. To confirm that the dataset
was complete, researchers provided state governors and court officials with lists of collected orders from their states
and incorporated any needed additions.
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The paper uses multiple county-level balanced panel datasets constructed by merging some or

all of the databases mentioned above, subject to the availability of the same counties in the different

databases. The primary datasets used for the main regressions are as follows:

1. Sales - SIP datasets:

This is a collection of 13-month panels containing housing sales, employment, COVID cases,

COVID deaths and an indicator for shelter-in-place orders enacted in each county. The

observed time period is September of 2019 to September of 2020, both months included.

Shelter-in-place orders are enacted around March of 2020 in most counties, with some be-

ginning around April 2020 and the orders end around May-June 2020. The SIP indicator is

recorded as 1 for every month in which the shelter-in-place order is in effect and 0 when one

is not in effect.21 Housing sales and employment data are expressed as monthly year-on-year

changes to account for seasonality of employment and sales. In other words, these variables

are calculated as:

∆Xcm
t = Xcm

t −Xcm
t−1 ,

where Xcm is the employment or houses sold in month m of year t in county c.

To account for the heterogeneity in housing types, the paper estimates the effect of shelter-

in-place on sales of five different types of housing. Owing to the lack of uniformity in the

availability of sales data for the different types of houses, the number of counties observed

vary for each type. The paper focuses on sales of three types of dwellings (corresponding

counts of observed counties are in the brackets): single-family housing sales (804 counties),

condominium sales (366 counties) and all residential sales (1269 counties). The last dataset

contains all the four types of housing sales mentioned in the database.22 Table 1 shows the

summary statistics for these datasets.

2. BP - Eviction Moratoria dataset :

21The order needs to be in effect for at least 2 full days in a month in order for the indicator to be set to 1 for that
month. In other words, if SIP orders begin on the last day of a month, that month’s SIP value is set to 0.

22The four types of housing include single-family houses, multi-family multi-family buildings, condos and town-
houses.

9



This dataset is a 36-month panel containing data on building permits approved, their valua-

tions, COVID cases, COVID deaths, employment data and indicators for eviction moratoria

for 495 U.S. counties. The paper uses data and presents results applicable for single-unit,

double-unit, three-four unit and five-plus unit buildings approved. However, the main focus is

approval for buildings with five-plus units since buildings that are rented out predominantly

consist of five-plus units. The observation period spans January 2019 to December 2021. The

beginning period for the different indicators of overall eviction moratoria is around March

of 2020 and the ending period spans all through 2020 and 2021 across various states. The

building units approved, their valuation and employment are expressed as monthly year-on-

year changes to account for seasonality (similar to the Sales-SIP datasets). The state-level

eviction moratoria indicators are attributed to every county in a state and are recorded as

1 for every month in which a certain type of moratorium is in effect and 0 when it is not in

effect.

The paper focuses on the following strength indicators for the moratoria : prohibition on

court hearings for eviction, prohibition on passing judgements on eviction cases, prohibition

on execution of evictions. In terms of causes for evictions being prohibited, for each strength

level, the paper distinguishes among evictions based on COVID related hardships, called

“Hardship” moratorium and any evictions based on non-payment, called “Non-payment”

moratorium.23 The paper also constructs a third moratorium indicator for each strength

level that records 1 for months for which either hardship or non-payment based evictions are

prohibited, and 0 when neither are in effect. This third indicator is defined as “Either” cause

moratorium. Finally, the moratoria that prohibit all evictions, both caused by non-payment

and hardship are called “Both” cause moratoria.

In order to simplify referencing these different indicators for the moratoria, the paper

henceforth defines eviction moratoria indicators based on strength (S) and cause (C) as “C/S”

eviction moratoria, where C could be “Non-payment”, “Hardship”, “Either” or “Both” and

S could be “Hearing”, “ Judgement” or “Execution”. For instance, moratorium indicator

Non-payment/Hearing would refer to moratorium on non-payment based eviction hearings.

23The Hardship moratorium is more restrictive in terms of the tenants having to prove that their inconveniences
have been caused specifically by COVID.
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An overall-moratorium indicator indicates periods when a state actor has prohibited some

part of the eviction process. This prohibition may include suspending notice of eviction to

tenants, suspending filing of eviction claims, suspending hearings on eviction, suspending

the entry of judgment or issuance of writs of eviction, or suspending enforcement of eviction

orders is also included. This overall indicator encompasses any moratoria, effective for any

strength level, for any cause (including hardship or non-payment related evictions) in a given

state.

A CDC-moratorium indicator exists in the dataset, and it captures periods when a state

actor has recognized the authority of the CDC moratorium in the state or required that a

landlord filing for eviction provide a certification/affirmation that the tenant had not provided

the landlord with a CDC Declaration. A CDC Declaration necessitates landlords to recognize

the moratorium enacted only by CDC, if a moratorium has already not been enacted by

the state.24 States could hence have CDC-moratorium-recognition in conjunction with or

independently of the overall moratorium. This implies that there could be months in which

either, both or none were in effect across the different states.25 Table 2(a) shows the details

of the eviction moratoria indicators pertaining to the 495 counties in the dataset. Table 2(b)

shows the summary statistics of the year-on-year change in building permit approval.

3. Multi-family Housing Sales:

This dataset is a 36-month panel as well containing sales of multi-family residential build-

ings, COVID cases, COVID deaths, employment and indicators for eviction moratoria for 234

U.S. counties. Similar to the Building Permits - Eviction Moratoria dataset, the observation

period spans January 2019 to December 2021. The multi-family sales and employment are

expressed as monthly year-on-year changes to account for seasonality (similar to the Sales-

SIP datasets). Similar to the Building Permits - Eviction Moratoria dataset, the regressions

from this dataset focus on moratoria on eviction hearings, judgements, executiona and on

hardship and/or non-payment related evictions and overall eviction moratorium. Table 3

24It’s important to note that states that already had state-enacted eviction moratoria in effect did not necessar-
ily require the federal moratorium declaration to prohibit the eviction process in that state, making the CARES-
requirement and CDC-moratorium-recognition indicator equal to 0 in some cases even when some other moratoria
were in effect.

25The paper focuses on the CDC and overall moratorium effects separately. See appendix for a figure on a union
of overall and CDC moratorium indicators.
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shows the summary statistics of the eviction moratoria and change in multi-family housing

sales pertaining to the 234 counties in the dataset.

Table 4 shows the demographic statistics of the counties in the various datasets used in this

paper and compares them to the demographic statistics of all U.S. counties. This table shows that

the sample of counties considered here are closely representative of the whole country.

Robustness checks include running the original regressions on 6-month (January 2020 to June

2020) and 9-month (January 2020 to September 2020) versions of the Sales-SIP dataset26 and

36-month (January 19 to December 21) versions of the Building Permits-Eviction Moratoria and

Multi-family Housing Sales - Eviction Moratoria datasets. An additional robustness check involves

adding time-invariant controls for the Sales-SIP dataset. These county-level controls include the

2020 population density levels (from the US Census Bureau), average temperature and precipitation

levels (from National Centers for Environmental Information), the Wharton Residential Land-Use

Regulatory Index (WRLURI), a measure of terrain ruggedness, work-from-home potential and a

quality-of-life estimate. The data for the last four variables are sourced from Brueckner et al. (2021).

3 Methodology

The main goal of this paper is to estimate the average treatment effect of shelter-in-place orders

and eviction moratoria on monthly changes in sales and building permits approval. The outcome

variables are year-on-year changes in housing sales and building permits approved. The primary

treatment variables are indicators for SIP and eviction moratoria. It is important to note the nature

of the treatment variables under consideration.

The SIPs were enacted in a staggered fashion with most counties adopting them in March

of 2020, while some others mandated the order in April 2020.27 The orders, however, ended in

different months across different counties, with most counties ending them in May 2020, while

some maintained them through June 2020. This pattern implies that the treated counties do not

stay treated throughout the observation period. Starting from July, the treatment switches off for

26These datasets only record all-residential sales.
27Staggered treatment is defined as a treatment that is implemented at different points in time for different indi-

viduals. However, treated groups may or may not stay treated till the end of the observation period once treatment
begins.
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every county. SIP orders being the primary treatment variable implies that the Sales-SIP panel

includes approximately 6 months of pre-treatment and 7 months of post-treatment data,28 with

the treatment switching off after around 2-3 months of being in effect.

For the state-level eviction moratoria, the treatment adoption is staggered, but the ending of

the moratoria is not uniform across counties. Some of these moratoria were enacted, repealed

and re-instated as COVID cases and vaccinations varied over time, implying that the treatment

reverses (in some cases multiple times) for several states. With the different indicators for eviction

moratoria being treatment variables, the BP-Eviction Moratoria panel includes approximately 14

months of pre-treatment and anywhere between 4 to 19 months of post-treatment data.

The next three subsections first start off with some event study graphs to ensure the lack of

significant pre-trends before the treatments begin. The next two subsections discuss the baseline

two-way fixed effects model and a more robust version of the same model.

3.1 Event-Study graphs

Goodman-Bacon and Marcus (2020) urge researchers to identify threats to the validity of difference-

in-difference designs to estimate the causal effect of COVID measures. In the context of this paper,

the issues of voluntary precautions and anticipation effects of the treatment may impact outcomes

in some periods before the actual treatment goes into effect.

The traditional approach to identifying preemptive responses to treatments is analyzing a graph-

ical illustration of an event study regression. Let Eventc record the the month m in which the

treatment is first adopted in a given county c. Consistent with the previous notation, the treatment

Dcm is adopted in month m in county c, and the outcome of interest is Ycm. The panel event-study

specification can then be written as:

Ycm = α+

J∑
j=1

βk(Lead j)cm +

K∑
k=1

µk(Lag k)cm + ϵcm. (1)

28Note that “pre-treatment” refers to time periods before the earliest treatment went into effect and “post-
treatment” refers to every period following the first treated period.
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In equation (1), lags and leads to the event of interest are defined as follows:

(Lead J)cm = 1 [m ≤ Eventc − J ], (2)

(Lead j)cm = 1 [m = Eventc − j] ∀j ∈ 1, ..., J − 1, (3)

(Lag k)cm = 1 [m = Eventc + k] ∀k ∈ 1, ...,K − 1, (4)

(LagK)cm = 1 [m ≥ Eventc +K]. (5)

Lags and leads are thus binary variables indicating that the given state was a given number of

periods away from the event of interest in the respective time period. J and K leads and lags are

included respectively, and, as indicated in equations (3) and (6), final lags and leads “accumulate”

leads or lags beyond J and K periods. A single lag or lead variable is omitted to capture the

baseline difference between areas where the event does and does not occur. In specification 1, as

standard, this baseline omitted case is the first lead, where j = 1. The panel event-study is an

extension of the standard two-way fixed effect model, where a single “Post Event” indicator is

included for all periods posterior to the occurrence of the event in treated units.

Exploiting the assumption that any unmeasured determinants of the outcomes are either time

invariant or group invariant, the two-way fixed effects or generalized difference-in-difference esti-

mation (explained in further detail in the next section) includes a full set of county and month

fixed effects, along with the treatment indicator. Also, the paper presents results both with and

without controlling for employment and/or COVID cases.29 Hence, adding controls, county and

month fixed effects to the baseline event-study regression gives us:

Ycm = α+
J∑

j=1

βk(Lead j)cm +
K∑
k=1

µk(Lag k)cm + γc + γm +Xcm + ϵcm. (6)

In equation (6), γc and γm are the county and month fixed effects respectively, while Xcm are

county-level monthly controls.

Noting that the treatment timing is staggered, Borusyak and Jaravel (2018) discuss that in

the presence of unit and time fixed effects, the specification in equation (6) suffers from an under-

29Further discussion in the next section
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identification problem.30 Ideally, without the unit and time fixed effects, the outcome would capture

the causal effect of anticipation of the treatment. However, with unit and time fixed effects, it is

also possible that outcome captures the difference corresponding to the combination of cohort and

time fixed effects. In other words, the formulation above is unable to segregate between outcome

differentials that arise due to passage of time alone or due to the combination of unit fixed effects

and time trends. In terms of event-studies, the effect of passing of absolute time and relative time

are inseparable in the presence of unit fixed effects because the linear schedule of dynamic effects

cannot correctly identify a non-linear trend.

Hence, in a staggered adoption design, without compromising the two-way fixed effect model,

one needs to add an additional restriction on the pre-trends to correctly identify the model. Fol-

lowing the recommendation by Borusyak and Jaravel (2018), apart from setting the coefficient of

the first lead to zero, the paper hence sets a second restriction on the 4th lead. Consequently, in

specification (2), k = 1 and k = 4 are omitted for all the event studies shown in the paper.

In light of some treatments in the data switching off before the ending of the observed time

period, the paper considers two sets of event-study graphs when illustrating the event-study of SIP

and ∆ Sales. One explores the effect of the treatment beginning and another studies the effect

of the treatment ending. For the specification analyzing the effect of SIP beginning, 8 lags and 4

leads are considered with time=0 showing the first time a county is treated with SIP. Lags beyond

t = 4 might interfere with the ending of SIP and are hence omitted from the event-study where the

beginning of SIP is analyzed. For the specification analyzing the effect of the treatment ending,

the paper focuses on 4 leads (all of which are assume to have had SIP in place) before it ends and

4 post-treatment periods once the SIP treatment starts switching off, starting around May 2020.31

The results from the first specification are illustrated in the main text while those from the second

specification are illustrated in the appendix.

For the Building Permits-Eviction Moratoria event-study, owing to a large number of eviction

moratoria indicators, the paper only presents three selected indicators, an overall moratorium

indicator, an indicator for both cause-based eviction hearings and cause-based eviction judgements.

For the specification in which the effect of the beginning of these three moratoriua indicators are

30Sun & Abraham (2021) also discuss how the lead coefficients might be contaminated with effects of the treatment
in periods before and after the concerned point of time.

31Under the second specification, time=0 shows the first time the observation stops being treated with SIP.
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analyzed, 8 lags and leads are considered with time=0 showing the first time a county is treated.

The remaining periods are pooled in ≤ 9 and ≥ 9 bins. Given that an overall moratorium lasts

for an average of approximately 10 months in the observation period, the 8 lags should ideally not

be spuriously capturing the overall moratorium ending, making it safe to assume that once this

treatment begins, it stays on for the next 8 periods. However, moratoria on eviction judgements

end in less than 7 months on average after they begin, implying that the same biases discussed

before might affect the event-study coefficients. Hence, similar to the Sales-SIP event-studies, a

secondary specification is also considered where the treatment is the moratoria ending, with 4 lags

and leads. Similar to the SIP-Sales, the results from the first specification are illustrated in the

main text while those from the second specification are illustrated in the appendix.

In presenting the event-study graphs, specifications both including and excluding controls,

COVID Cases and ∆Employment, are shown. These results should be read with caution ow-

ing to ∆Employment potentially being an outcome of Shelter-in-place and eviction moratorium

(discussed in further detail in the next section). Also, a developing literature including papers by de

Chaisemartin and D’Haultfoeuille (2020a), Callaway and Sant’Anna (2021) and Goodman-Bacon

(2018) points to challenges in interpreting the estimated coefficients from two-way fixed effects mod-

els when treatment effects are heterogeneous (across either groups or time periods). Nevertheless,

checking for the presence of significant lead coefficients or pre-trends using the event study graphs

can gauge the reliability of results from the baseline two-way fixed effects estimation (discussed in

the next section).

3.2 Baseline Two-way Fixed Effects

Exploiting the assumption that any unmeasured determinants of the outcomes are either time

invariant or group invariant, the baseline regressions in the paper follow a generalized difference-in-

difference (generalized DID) or a two-way fixed effects (TWFE) model. The model then estimates

the average treatment effect on treated (ATT) or the expected effect of the treatment for individuals

in the treatment group. To estimate the impact of SIP on sales, the TWFE model regresses the

change in sales on SIP orders and a full set of county and month fixed effects. To estimate the

impact of eviction moratoria on building permits approvals and multi-family home sales, the TWFE

model regresses the county-level outcome on state-level eviction moratoria indicators and a full set
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of county and month fixed effects. By using year-on-year changes32 as outcome and then using

month fixed effects enables the treatment variables to capture the specific effect of the policies

beyond the overall year-on-year pandemic effects.33

The baseline regressions run are hence specified as:

Ycm = γc + γm +Xcm + δDDDcm + ϵcm (7)

where

Ycm is the county-level outcome in county c and month m,

γc & γm are the county and month fixed effects respectively,

Xcm are time-variant county-level controls,

Dcm is the treatment.

In order to estimate how much of the outcome variation is captured by the treatments alone

and how much is dependent on other time-varying county-level covariates like COVID cases and

employment, the paper adds both COVID cases and year-on-year employment change as controls.

However, the NPIs like shelter-in-place and eviction moratoria could cause changes in the covariates

themselves, especially by reducing employment. The NPI-induced changes in employment could

then affect the housing market outcomes independently, potentially confounding the reported ef-

fects of NPIs. Therefore, for each of the specifications considered henceforth, the paper presents

results both with and without controlling for employment and/or COVID cases to account for the

employment-change possibly being an inappropriate control.

Bertrand et al. (2004) show that the standard errors for generalized DID estimates are incon-

sistent if they do not account for the serial correlation of the outcome of interest. Because the

outcomes studied usually vary at the group and time levels, it thus makes sense to correct for

serial correlation. The authors show that using cluster–robust standard errors at the group level

32While year-on-year log changes would help explain the coefficients relative to the baseline changes, the majority
of the housing sales and units constructed data is small in magnitude. The log differences hence do not capture the
variation in outcomes well enough to justify its usage.

33While the year-on-year changes account for seasonality and compare outcome evolution across COVID and non-
COVID years, the addition of month fixed effects (with month counts measured from the beginning of the sample)
capture changes within the year associated with the progress of the pandemic. Consequently, the analyses that follow,
show the specific effect of SIP and eviction moratoria variables beyond the overall pandemic effects.
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where treatment occurs provides correct coverage in the presence of serial correlation when the

number of groups is not too small. Since the treatments are at county and state levels in our

datasets, the groups are definitely not too small. The baseline results presented in the paper use

the cluster-robust standard errors discussed above.

When analyzing the effect of SIP on changes in housing sales, the expected sign of the average

treatment effect on the treated is negative following the idea that shelter-in-place reduces sales.

When analyzing the effect of eviction moratoria on changes in building permits approved, the

expected sign of the ATT is negative as well assuming that moratoria depress construction of

multi-family houses. When analyzing the effect of eviction moratoria on change in multi-family

housing sales, the moratoria increasing sales of multi-family houses, as hypothesized, should show

up as a positive sign on the ATT.

3.3 Issue of Negative Weights

Applying the same notation as in (7), if β̂ denotes the coefficient of Dgm and β denote its expec-

tation, under the common trends assumption, de Chaisemartin and D’Haultfœuille (2020a) show

that β is equal to a weighted sum of the treatment effect in each treated (g,m) cell (in a two-period

binary treatment case):

β = E

 ∑
(g,m):Dg,m=1

Wg,mδg,m

 (8)

δg,m is the average treatment effect (ATE) in group g and period m and the weights Wg,m sum

to one but may be negative. β compares the evolution of the outcome between consecutive time

periods across pairs of groups that ideally compare treated units to only control units. However,

what is considered the control group in some of these comparisons may be treated at both periods.

Hence, while comparing newly treated units relative to “never treated” units and newly treated

units relative to “not-yet treated” units involves no issues, comparing newly treated units relative

to already treated units makes a causal interpretation unclear. The negative weights are especially

an issue when the ATEs are heterogeneous across groups or periods. This problem has been

discussed in detail by Borusyak and Jaravel (2018), Goodman-Bacon (2021), de Chaisemartin and

D’Haultfoeuille (2020a), Sun and Abraham (2021), and Callaway and Sant’Anna (2021).
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To overcome the problem with negative weights, de Chaisemartin and D’Haultfœuille (2020a)

propose a new estimator, DIDM , that estimates the average treatment effect across all the (g,m)

cells whose treatment changes from m− 1 to m. This new estimator is a weighted average of two

difference-in-differences, one for units that switch in to the treatment, and one for units that switch

out of treatment. For the units switching in, the first DID compares the outcome evolution of groups

going from untreated to treated, and of groups untreated at both dates across two consecutive time

periods. Using the units that switch out, the second DID compares outcome evolution of groups

treated at both dates, and of groups going from treated to untreated across consecutive time periods.

The weighting of these two DIDs makes the resulting estimator valid, even if the treatment effect

is heterogeneous over time or across groups.34

DIDM applies to any TWFE regressions, not only to those where adoptions are staggered and

treatments turn off at the same time. The estimator, hence, lends itself perfectly to the econometric

design of the current paper with a binary treatment that is adopted in a staggered fashion and

is withdrawn at different points in time. Following DIDM , this paper presents a secondary set

of results for each dataset in order to supplement the baseline results with a set of more rigorous

TWFE estimations. DIDM relies on common trends assumptions on both potential outcomes,

and de Chaisemartin and D’Haultfœuille (2020a) propose a placebo estimator that can be used to

test these assumptions. The placebos compare the outcome trends of switchers and non-switchers,

before the switchers switch. For the parallel trends assumption to hold, the reported “placebo”

estimator should not significantly differ from 0.

DIDM can be used in applications where, for each pair of consecutive dates, there are groups

whose treatment does not change, a condition that holds in the data used in the current paper.

The estimators with controls are similar to those without controls, except that the first-difference

of the outcome is replaced by residuals from regressions of the first-difference of the outcome on

the first-differences of the controls and time fixed effects. Those regressions are estimated in the

sample of control (g,m)s: (g,m)s such that group g’s treatment does not change from m − 1 to

m. When “state trends” is specified, the DIDM estimator calculates a weighted average of DIDs

comparing switchers and non switchers (respectively first-time switchers and not yet switchers)

within the same state. These estimator with are unbiased even if groups experience differential

34As discussed by de Chaisemartin and D’Haultfœuille (2022).

19



trends, provided all groups within the same state experience parallel trends.

4 Results

4.1 SIP and Sales

Figure 3 illustrates the TWFE event-study graphs from regressing ∆ Sales of various types of

houses on SIP. t=0 refers to the month in which SIP was enacted for the first time. The leads

correspond to months or periods leading up to the beginning of SIP i.e. -1, -2 and so on. The

lags correspond to months or periods after the beginning of SIP i.e. 1, 2 and so on. The graphs

also show 95% confidence intervals of the lag and lead coefficients, with the standard errors being

clustered at the county level. The coefficients being above 0 imply bigger year-on-year change

in sales while coefficients below 0 imply smaller year-on-year changes in sales. Sub-figures (a),

(c), and (e) correspond to single-family, condos, and all-residential houses respectively, with the

regressions not controlling for other time-varying factors. Sub-figures (b), (d), and (f) illustrate

the counterparts with COVID cases and ∆ Employment as controls.

None of the leads for single-family or all-residential houses are significant, with or without

controls, indicating a lack of pre-trends. The lagged coefficients are significant and below zero, as

expected, suggesting a reduced change in year-on-year sales post the adoption of SIP. Condos do

show some significant leads (especially when controls are added in the regression); however, none

is significantly close to the time of the event. The only significant coefficient corresponding to the

3rd lag is also positive showing some level of recovery in sales from the initial drop at the time of

treatment. 35

Table 5(a) shows the results of running the standard TWFE regression with year-on-year change

in sales (or ∆ Sales) of various types of housing as the outcome variable of interest and SIP as

the primary treatment variable. The results should be read as follows: Corresponding to the

35Figure A3 in the appendix illustrates the TWFE event-study graphs from regressing ∆ Sales of various types
of houses on the ending of SIP. t=0 refers to the month in which SIP was revoked for the first time, with the leads
implying SIP still being in effect. Both with and without controls, all-residences and single-family houses register
significant coefficients for lags, while condos show mostly insignificant lagged responses of the SIP ending. Hence,
for condos, home buyers and sellers apparently continue to behave similarly for a few periods after the ending of SIP
as they did before. For all residences and single-family, it appears that the ending of SIP led to bigger year-on-year
sales changes, suggesting more traffic in the housing market once shelter-in-place is rescinded. This result follows
the initial proposition that when SIP is in effect, year-on-year sales records smaller changes, with the opposite trend
occurring when SIP terminates.
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first entry in the table, without controlling for other time-varying factors, when shelter-in-place

is active, the year-on-year change of single-family housing sales is reduced by an average of 29

housing units compared to when shelter-in-place is inactive. Overall, without controls, comparing

the magnitudes of the coefficients from the first row with the pre-pandemic means, it appears that

SIP reduces single-family, condominium and all-residential year-on-year changes in housing sales

by approximately 32%, 47% and 70% respectively.

Note that all the rows of the table show effect of SIP on ∆ Sales, with the variation in coefficients

appearing from adding COVID cases, ∆ employment (year-on-year change) or both as controls.

The signs on all the coefficients are negative, implying that enacting SIP resulted in smaller year-on-

year change in sales for all types of houses, as hypothesized. The coefficients in column (5) being

significantly higher in magnitude suggests that the collection of all types of residences together

responded more to the SIP order than any one singular type of residence. This results from sales

levels being higher for the set of all types of housing compared to individual types.36 Adding the

number of COVID cases and ∆ employment seems to reduce the size of the baseline impacts in

all types of houses, but the reduction is more pronounced for single-family and the collection of all

residences. This pattern could potentially imply that some of the variation in year-on-year sales

change comes from change in COVID cases and ∆ Employment.

Table 5(b) shows the results from using the DIDM estimator to estimate the effect of SIP on

change in sales of single-family, condos and all types of residential houses. The basic format of this

table is similar to that of Table 3 with the exception of an additional ‘state trends’ specification

with each original regression.37 N is the total number of panel observations used in the estimation

of the coefficients reported in the table (equal to the number of first differences of the outcome

and of the treatment used in the estimation). N switchers is number of first-time switchers the

coefficient applies to. When state trends is specified, N switchers cont is the number of switchers

or first-time switchers whose counterfactual trend at the time of their switch is estimated accounting

for the controls. The results shown use 50 bootstrap replications in the computation of estimators’

standard errors. These standard errors are clustered at the county level. † implies that DIDM ’s

36The appendix includes the regressions on multi-family buildings and townhouses. Coefficients for single-family,
townhouses and condos are significantly higher in magnitude compared to multi-family buildings, suggesting that SIP
did not reduce the year-on-year sales change of multi-family buildings as much, compared to other types of houses.

37State trends allow for state-specific trends. This estimator is calculated as a weighted average of DIDs comparing
first-time switchers and not-yet switchers within the same state.
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version of parallel trends assumption has been met.

The significant coefficients for change in sales are all negative, implying that the change in sales

became smaller with SIP, matching what has been presented previously. Adding controls, makes

the magnitude of the effect smaller as shown previously as well, with ∆ Employment having a very

pronounced effect for the reduction in all-residential houses. Without controls, and keeping all else

constant, on an average, switching on of SIP reduces the year-on-year change in sales of single-

family, condos and all-residences by approximately 24, 15 and 29 units respectively. These changes

are substantial compared to the mean change in sales of approximately 5 (4.8 times increase), -4

(3.75 times increase), and 67 (0.43 times increase) units38 for single-family houses, condos and all-

residences respectively. Overall, without controls, comparing the magnitudes of the coefficients from

the first row with the pre-pandemic means, it appears that SIP reduces single-family, condominium,

and all-residential year-on-year changes in housing sales by approximately 26%, 41% and 24%

respectively.

Notably, among the significant coefficients, while all the magnitudes are lower than in the base-

line TWFE, the sizes of the all-residences coefficient is particularly smaller. Addition of state trends

overall seems to increase the size of the effect. While the parallel trends assumption holds across all

specifications for single-family housing, it holds when no controls are added for condos and it holds

when COVID cases and employment are individually controlled for, with ∆ Sales for all-residences.

4.2 Eviction Moratoria and Building Permits

Figure 4 illustrates the TWFE event-study graphs from regressing ∆ multi-family units on the

overall eviction moratorium indicator.39. Time=0 refers to the month in which the particular

eviction moratorium was enacted for the first time. The graphs also show 95% confidence intervals

of the lag and lead coefficients, with the standard errors being clustered at the county level.

None of the leads are significant for the overall indicator and most of the lag coefficients are

negative suggesting a lack of anticipatory behaviour in response to the beginning of the overall

moratorium. The lagged effect indicates a continued reduction in the year-on-year changes in

38Mean values are obtained from Table 1.
39Owing to the presence of a large number of moratoria indicators in the data, event-studies associated with only

the overall indicator are presented in the main text and two other indicators on all cause-based moratorium hearings
and judgments are shown in the appendix
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building permits approved. 40

Table 6(a) presents the results from running the baseline TWFE regression of the change in the

total number of units and their corresponding valuation in 5+ unit buildings on various eviction

moratorium indicators. Owing to a large number of eviction moratoria indicators present in the

data, only the treatments that produce significant coefficients are presented in the results. For

each moratorium, results show the regression coefficients with and without controlling for COVID

cases and ∆ Employment. All the coefficients are negative, implying that the eviction moratoria

indicators listed are associated with smaller year-on-year change in units approved and their val-

uation. Adding controls increases the magnitude of each coefficient, and in the case of moratoria

on hardship/judgements and either/hearings, the coefficients are only significant when controls are

added.

The results show that the overall moratorium indicator reduces the year-on-year change in units

approved for 5+ unit buildings. Multiple narrower moratorium indicators, for instance overall-or-

CDC, and non-payment/hearings, hardship/judgements and either/hearings, are also significant

drivers of the reductions in units approved, possibly leading to the significant overall indicator.

Moratoria on non-payment/hearings and the presence of overall or CDC moratorium have signifi-

cant impacts on year-on-year change in valuation. This difference possibly arises from the valuation

being correlated with multiple factors other than number of units approved, like market volatility

and various general equilibrium features associated with the building construction market. Hence,

the valuation coefficients may not be proportional to or even have the same sign as the unit coef-

ficients. Consequently, the paper focuses on the results with respect to change in units approved

more than results from analyzing the corresponding valuation.

To summarize the results, on an average, controlling for ∆ Employment and COVID cases,

the enactment of an overall moratorium is associated with reductions of the year-on-year change

in number of multi-family units approved by approximately 13, which is substantially higher than

40Figure A4 in the appendix illustrates the TWFE event-study graphs from regressing ∆ Units approved on the
ending of the same moratoria indicators studied in Figure 4. t=0 refers to the month in which these eviction moratoria
were repealed for the first time with the leads implying the moratoria still being in effect. The coefficients for the
leads and lags are mostly insignificant, possibly implying that units approved neither respond preemptively before,
nor record any lagged responses after the moratoria ends. This implies that the event studies in Figure 4 do not
produce erroneous coefficients via the assumption that once the moratoria begin, they continue being treated beyond
4 to 6 periods, post-treatment.
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the mean change in five-plus building units approved41 of approximately 7 units. Compared to

the pre-pandemic mean year-on-year change of 64.77 units42, an overall moratorium reduces the

changes in units approved by 20%. Moratoria on eviction executions, moratorium on evictions

caused both by non-payment and COVID hardships and CDC moratorium alone do not seem to

have any significant effect on the number of 5+ units approved.43

Table 6(b) shows the results from using the DIDM estimator to estimate the effect of different

eviction moratoria on the change in multi-family (5+ Unit Buildings) units approved. The basic

format of this table is similar to Table 5(b), with the treatments being moratoria instead of SIP and

dependent variable being changes in units approved instead of changes in sales. The state trends

specification is analogous to that used in table 5(b), except that whenever the state trends are

specified, they are always being added after controlling for both COVID cases and ∆ Employment.44

N and N switchers are defined the same way as in table 5(b) as well.45 The results shown use 50

bootstrap replications in the computation of estimators’ standard errors, which are also clustered

at the county level. † implies that DIDM ’s version of parallel trends assumption has been met.

Similar to table 6(a), owing to a large volume of indicators, only the moratoria indicators that

produce significant changes in year-on-year units approved are presented in the table.

Among the many indicators considered, the DIDM estimator suggests that overall and non-

payment based eviction moratoria significantly reduce the change in year-on-year number of multi-

family units approved.46 All the significant coefficients being negative suggests that eviction mora-

toria indeed led to smaller changes in units approved, as hypothesized. The parallel trends assump-

41Data obtained from Table 2(b)
42Pre-pandemic refers to the average year-on-year change in number of multi-family units approved across counties

in January of 2020
43With controls, the enactment of moratorium on non-payment/hearings evictions, moratorium on hard-

ship/judgements evictions, moratorium on either/hearings evictions and presence of overall or CDC moratorium are
associated with reductions of the year-on-year change in number of multi-family units approved by approximately 22,
18, 19 and 15 respectively. These magnitudes are substantially higher than the mean change of approximately 7 units.
Compared to the pre-pandemic mean year-on-year change of 64.77 units, a moratorium on non-payment/hearings
evictions, a moratorium on hardship/judgements evictions, a moratorium on either/hearings evictions and presence
of an overall or CDC moratorium reduces the changes in units approved by 33%, 27%, 29% and 23% respectively.

44State trends allow for state-specific trends. This estimator is calculated as a weighted average of DIDs comparing
first-time switchers and not-yet switchers within the same state.

45N is the total number of panel observations used in the estimation of the coefficients reported in the table.
N switchers is number of switchers or first-time switchers the coefficient applies to applies to.

46With controls, moratoria on non-payment/hearings and non-payment/executions reduce the year-on-year change
in units approved by approximately 44 units and 30 units respectively. Compared to the pre-pandemic mean year-
on-year change in units approved, moratoria on non-payment/hearings and non-payment/executions reduce the year-
on-year change in units approved by approximately 68% and 46% respectively.
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tion seem to be satisfied for the regressions where an overall moratorium and moratoria on non-

payment/executions are treatments. The regression with the moratorium on non-payment/hearings

produces the highest magnitude of the coefficient.47 Adding controls and state trends renders most

of the indicators insignificant except for overall moratorium.

To summarize the results, controlling for state-specific trends, COVID cases and ∆ Employment,

an overall moratorium is associated with a reduction of year-on-year change in units approved by

approximately 12 units, which is a 19% reduction, compared to the pre-pandemic mean. Using

DIDM , the CDC moratorium, moratoria on passing judgements on evictions, and moratoria on

evictions caused only by COVID hardships do not seem to have any significant effect on the number

of 5+ units approved.48

4.3 Eviction Moratoria and Multi-Family Sales

Table 7 presents the results from running the baseline TWFE regression of change in year-on-year

sales of multi-family housing on various eviction moratorium indicators. Similar to Tables 6(a) and

6(b), moratoria indicators are referred to as Cause/Strength indicators, with cause being moratoria

on evictions caused by non-payment, hardship, either or both, and strength levels being moratoria

on eviction hearings, judgements or executions. For each moratorium, results show the regression

coefficients with and without controlling for COVID cases and ∆ Employment. Only moratoria

that are associated with significant coefficients are presented in the Table. All the coefficients are

positive, implying that the eviction moratoria indicators listed produce larger year-on-year change

in multi-family housing sales, as hypothesized. Adding controls decreases the magnitude of each

coefficient except for moratoria on either/hearings. In case of moratoria on hardship/hearings and

either/hearings, the coefficients are only significant when controls are added.

47The moratorium on both/judgements seems to produce a positive year-on-year changes in valuation, while sat-
isfying the parallel trends assumption. However, as mentioned during the discussion of Table 6(a), it is difficult to
conclusively interpret the coefficients on valuations and they should hence be read with caution.

48Table A1 in the appendix presents the results from running the baseline TWFE regression of change in number of
Units and valuations of single, double and 3-4 Unit Building Permits on various eviction moratorium indicators. For
each moratorium, results show the regression coefficients controlling for COVID cases and ∆ Employment. For single
units, moratoria on all types of evictoon executions (hardship/executions, non-payment/executions, either/executions,
both/executions) produce significant negative coefficients. For double and three to four units, the results are mixed,
with some coefficients being positive and some negative. The coefficients on valuations show mixed signs as well. It
is hence difficult to identify how the various eviction moratoria drive changes in number of units approved for single,
double and 3-4 unit buildings. Since the focus of the paper is multi-family and 5+ unit buildings, these results are
of secondary importance.
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The results show that an overall moratorium and some narrower moratorium indicators sub-

sumed in the overall indicator49 led to significantly larger year-on-year changes in multi-family

sales. The moratorium on hardship/hearings had the highest magnitude of impact on year-on-year

sales change. The signs are positive showing larger sales changes, but the magnitudes of the sales

changes are considerably lower than when SIP is considered as treatment.

Without controls, on average the adoption of an overall moratorium is associated with an

increase in year-on-year multi-family sales changes by approximately 4 units, which is approximately

a 16% increase compared to the pre-pandemic mean. These results should, however, be read with

caution50 because the results from using theDIDM estimator show opposite signs for the coefficients

and significant results corresponding to the CDC moratorium.51

5 Conclusion

This paper attempts to evaluate the housing sales and construction responses to two COVID-19

regulations, shelter-in-place and eviction moratoria. The primary outcomes of interest, year-on-

year change in housing sales and the year-on-year change in building permits approved (a proxy for

future construction) are hypothesized to be smaller in the presence of shelter-in-place and eviction

moratoria, respectively. The paper also explores the multi-family housing sales response to eviction

moratoria.

Whether COVID continues or ends shortly, the impacts of the pandemic could have longer run

49specifically moratoria on hardship/hearings, hardship/judgements and non-payment/hearings, either/hearings
and either/judgements

50Table A2 in the appendix shows the results from using the DIDM estimator to estimate the effect of different
eviction moratoria on change in multi-family housing sales. The DIDM estimator produces contrasting results
compared to the basic TWFE estimator, both in terms of the moratoria indicators that generate significant results as
well as the sign of the coefficients found. The DIDM estimator suggests that several moratoria on eviction executions
significantly reduce the year-on-year sales change in multi-family houses while the CDC moratorium is associated
with larger sales change in multi-family housing. Indicators for moratoria on hardship/executions, either/executions
and both/executions are associated with smaller changes in year-on-year sales, albeit the magnitude of these sales
change responses are very low. The adoption of the CDC moratorium is associated with an increase in change in
sales, favourable to the paper’s hypothesis.

51Without controls, on an average, the adoption of moratorium on non-payment/hearings, hardship/judgements
and either/judgements are associated with an increase in year-on-year multi-family sales changes by approximately
6 units, 6 units and 5 units respectively. With controls, moratoria on hardship/hearings and either/hearings are
associated with increase in year-on-year sales changes by approximately 9 and 6 units respectively. On the other
hand, the CDC moratorium, moratoria on eviction executions, and moratoria on evictions caused by both hardships
and non-payment are found to be associated with no significant changes in sales. These results should however be
read with caution because the results from using the DIDM estimator show opposite signs for the coefficients and
significant results corresponding to the CDC moratorium.
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consequences for the economy. Current shifts in housing sales and, more importantly, building

construction patterns could have sustained effects on the housing market long after the NPIs are

rescinded. This paper hence contributes to the growing literature that studies lagged and/or

continued effects of COVID regulations on the housing market, intended to inform future policies,

both within and outside of the COVID context.

As individual behaviour continues to go through changes owing to the pandemic and the asso-

ciated NPIs, knowledge about the effects of shelter-in-place is valuable in informing policy-makers

of the potential housing market impacts of future implementations of similar policies. The multi-

tude of moratorium indicators considered here can also help policy-makers identify which stages of

prohibition in the eviction process cause significant changes to housing construction and which do

not. Given that historically, instances of eviction moratoria are rare, the novel empirical evidence

found here can be taken into account if a prohibition on evictions is considered again in the future,

even outside the purview of the pandemic.
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6 Tables and Figures

6.1 Tables

Table 1: Summary Statistics of Sales-SIP Datasets

Single-Family Multi-Family Townhouse Condominium All Residences

Change in Sales
4.617089 -2.440318 3.278513 -3.749082 66.96

( 86.68514) ( 13.36202 ) (35.80716) (52.40302) (306.12)

Change in Employment
-4181.765 -14034.31 -9987.91 -10840.2 -3565.485

(22818.97) (46031.27) ( 38144.73) (39334.2) (21671.32)

COVID Cases
33225.67 112839.3 90155.99 88603.46 29567.55

(185261.5) (371497.3 ) (337050.5) ( 317511.8 ) (175066.8)

COVID Deaths
1318.362 4914.171 3423.971 3701.487 1173.126

(8698.874) (17655.33 ) ( 15220.19) ( 14990.94 ) (8216.052)

No. of Counties

Treatment (SIP=1) 789 261 290 376 1223

Control (SIP=0) 15 4 3 6 46

Overall 804 265 293 382 1269

a Mean values are presented with standard deviations in brackets.

b SIP stands for Shelter-in-Place order. SIP = 1 refers to counties in which SIP was enacted in at least 1 month out of the

13 month observation period. SIP = 0 refers to counties for which SIP was never enacted.
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Table 2(a): Eviction Moratorium Summary Statistics

Reason for Eviction: Overall Hardship Non-Payment Either Both

Strength of Eviction: Hear. Judge. Exec. Hear. Judge. Exec. Hear. Judge. Exec. Hear. Judge. Exec.

Counties
Treatment 404 31 100 108 75 122 134 87 168 173 295 215 273

Control 91 464 395 387 420 373 361 408 327 322 200 280 222

Months
Treatment 10.27 6.97 11.71 6.42 4.32 7.11 3.86 4.69 9.37 5.44 6.08 11.4 8.66

(7.33) (3.12) (6.24) (2.87) (2.84) (4.36) (2.71) (5.99) (2.60) (3.33) (4.98) (6.04) (7.38)

(a) “Overall” denotes overall moratorium. ‘Either’ and ‘Both’ refer to moratoria on either non-payment or hardship based evictions and moratoria on both non-payment and
hardship based evictions, respectively. “Hear.”, “Judge.” and “Exec.” refer to moratoria on eviction hearings, judgements and executions respectively.
(b) Moratorium = 1 refers to counties in which moratorium was enacted in at least 1 month out of the 36 month observation period. Moratorium = 0 refers to counties for which
moratorium was never enacted. Total number of counties = 495.
(c) First 2 rows shows no. of counties in the treatment and control groups. Months row show the average number of months (standard deviation in brackets) a certain eviction
moratoria was in effect across the different counties.

Table 2(b): Building Permits Summary Statistics

No. of Units Single Unit Double Unit Three-Four Units Five + Units

Mean St. dev Min Max Mean St. dev Min Max Mean St. dev Min Max Mean St. dev Min Max

∆ Units

Overall 6.71 78.35 -2152 1578 2.61 31.67 -208 1892 3.66 45.49 -207 2599 6.87 172.18 -2950 9517

Between Counties 24.96 -332.94 218.53 5.397353 -4.47 73.11 8.99 -3.14 111.72 34.93 -326.86 385.81

Within Counties 74.27 -1962.82 1366.18 31.21 -207.67 1821.49 44.56 -203.2 2490.94 168.56 -2884.79 9138.06

∆ Valuation

Overall 48.8 2140 -49800 47200 3.63 137.61 -5520 6720 17.1 574.74 -28200 32800 102.22 2910 -75200 175000

Between Counties 534 -6.920 3290 22.48 -81.38 202.71 79.28 -155.16 905.79 559.09 -3960 6720

Within Counties 2070 -51600 45300 1357.58 -5590 6650 569.24 -28000 31900 2860 -72400 168000

a Valuation statistics are in 10000’s of dollars.
b Overall mean, standard deviations, min and max are calculated across all 495 counties and 36 months with total observation count of 36*495 = 17820.
c “Over Counties” standard deviations, min and max are calculated at the county level over 495 counties.The observations used are county-specific month-level averages.
d “Within counties” standard deviations, min and max are calculated over months within each county. The observations used are obtained by subtracting the “Over counties” mean and adding the
global mean to each original observation.
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Table 3: Eviction Moratoria and Multi-family Housing Sales Summary Statistics

Reason for Eviction: Overall Hardship Non-Payment Both Either

Strength of Eviction: Hear. Judge. Exec. Hear. Judge. Exec. Hear. Judge. Exec. Hear. Judge. Exec.

Counties
Treatment 213 21 79 86 52 58 106 153 115 182 61 89 126

Control 21 213 155 148 182 176 128 81 119 52 173 145 108

∆ Sales

Treatment 2.71 17.82 9.88 0.01 7.04 8.64 -3.81 0.49 5.34 0.49 9.70 8.52 0.10

(23.55) (34.04) (28.55) (25.57) (20.05) (24.27) (22.26) (23.7) (36.16) (24.01) (30.14) (27.65) (23.42)

Control 2.07 2.01 1.87 2.20 2.07 2.07 2.05 1.83 2.07 2.13 1.99 1.92 2.07

(12.4) (9.61) (8.05) (8.45) (9.38) (9.34) (8.77) (2.63) (7.73) (8.38) (9.14) (8.22) (6.75)

Months Treatment 12.9 8.38 12.71 6.20 4.38 10.98 3.52 7.24 14.61 9.57 4.72 12.46 5.27

(a) “Overall” denotes overall moratorium. ‘Either’ and ‘Both’ refer to moratoria on either non-payment or hardship based evictions and moratoria on both
non-payment and hardship based evictions, respectively. “Hear.”, “Judge.” and “Exec.” refer to moratoria on eviction hearings, judgements and executions
respectively.
(b) Treatment refers to counties in which moratorium was enacted in at least 1 month out of the 36 month observation period. Control refers to counties for
which moratorium was never enacted. Total number of counties = 495. Hence the first 2 rows shows no. of counties in the treatment and control groups.
(c) ∆ Sales shows the average of county level means (and average of county-level standard deviations) of change in sales in the treated and control counties.
(d) Months row show the average number of months a certain eviction moratoria was in effect across the different counties.
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Table 4: Demographic Summary of Counties

Residential Sales Datasets Building Permits Multi-family Sales Entire US

Single Multi Townhouse Condo All Res

Total male % 49.40 49.37 49.37 49.34 47.69 49.36 49.34 49.53

Total female % 50.60 50.63 50.63 50.66 50.54 50.64 50.66 50.47

White alone male % 36.91 36.34 35.99 36.45 37.56 35.99 36.23 37.85

White alone female % 37.19 36.63 36.22 36.78 37.83 36.24 36.54 38.05

Black alone male % 6.77 6.79 7.09 6.83 6.42 7.09 6.87 6.52

Black alone female % 7.49 7.45 7.80 7.52 6.96 7.79 7.55 7.02

Indian American alone Male % 0.56 0.56 0.53 0.52 0.57 0.55 0.56 0.66

Indian American alone Female % 0.54 0.54 0.54 0.51 0.56 0.53 0.54 0.65

Asian alone Male % 3.58 4.02 4.13 3.92 3.35 4.12 4.05 2.93

Asian alone Female % 3.86 4.33 4.45 4.21 3.61 4.43 4.35 3.16

Two or more Races Male % 1.45 1.52 1.49 1.49 1.43 1.49 1.50 1.44

Two or more Races Female % 1.49 1.55 1.52 1.52 1.46 1.52 1.54 1.46

a Average percentages are presented for a cummulative of all age groups dated July 2021. Data is sourced from US Census Bureau county level demographic
data. Single and Multi denote Single-Family and Multi-Family houses respectively.
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Table 5(a):TWFE results from regressing change in Sales on SIP

∆ Sales

Single-Family Condo All Residences

(1) (2) (3)

SIP
−29.02∗∗∗ −17.03∗∗∗ −79.52∗∗∗

( 4.93) (3.86) (10.49)

+ COVID Cases
−29.19∗∗∗ −17.09∗∗∗ −76.90∗∗∗

(4.90) ( 3.90) (10.80)

+ ∆ Employment
−24.38∗∗∗ −14.54∗∗∗ −52.32∗∗∗

(4.06) (3.29) (8.13)

+ Both
−22.13∗∗∗ −15.57∗∗∗ −51.48∗∗∗

(3.62) (3.24) (8.05)

Overall Mean 4.62 −3.75 66.96

Pre-pandemic mean 91.25 36.42 115.48

N(Treated) 789 376 1223

N(Control) 15 6 46

N 804 382 1269

Standard errors are clustered at county level and are presented in paren-

theses.
∗, ∗∗, and ∗∗∗ imply that coefficients are significant at 10%, 5% and 1%

levels, respectively. N stands for total no. of counties. N(Treated) and

N(Control) stand for number of treated and control counties, respec-

tively.

Overall means show the average year-on-year changes for each housing

type across the counties and months contained in the dataset.

Pre-pandemic means stand for average year-on-year changes for each

housing type across the counties in January 2020 before the pandemic

began.

32



Table 5(b): DIDM results from regressing change in Sales on SIP

∆ Sales

Single-Family Condo All Residences

(1) (2) (3)

SIP
−23.28∗∗∗† −14.82∗∗∗† −27.81∗∗∗

(4.27) (3.78) (5.11)

State trends
−24.48∗∗∗† −15.05∗∗∗† −28.59∗∗∗

(3.59) (3.61) (5.42)

Adding Controls

+ COVID Cases
−21.22∗∗∗† −13.85∗∗∗ −24.03∗∗∗†

(4.14) (4.34) (6.14)

State trends
−21.96∗∗∗† −13.50∗∗∗ −24.00∗∗∗†

(4.11) (3.82) (5.30)

+ ∆ Employment
−17.70∗∗∗† −6.90∗ −8.56∗†

(3.43) (3.81) (5.14)

State trends
−19.12∗∗∗† −5.87 −8.54

(3.03) (3.84) (5.04)

+ Both
−17.43∗∗∗† −7.1∗∗ −7.82

(4.14) (3.56) (5.26)

State trends
−18.51∗∗∗† −5.98 −7.07

(4.18) (3.89) (5.04)

Overall Mean 4.62 −3.75 66.96

Pre-pandemic mean 91.25 36.42 115.48

N 3796 1126 3803

N switchers 2485 718 2429

N switchers cont 90 47 91

Standard errors are clustered at county level and are presented in parentheses.

∗, ∗∗, and ∗∗∗ imply that coefficients are significant at 10%, 5% and 1% levels,

respectively. † implies that for significant DIDM estimators, the placebo effect is

not significantly different from 0 at the 10% significance level.

Overall means show the average year-on-year changes for each housing type across

the counties and months contained in the dataset.

Pre-pandemic means stand for average year-on-year changes for each housing type

across the counties in January 2020 before the pandemic began.



Table 6(a): TWFE of regressing change in Building Permits on Eviction Moratorium

5+ Units Building Permits

∆ Units ∆ Valuation N(Treat) N(Control)

Treatments (1) (2) (3) (4)

Overall Moratorium
−8.92∗ −15.21 404 91
(4.96) (78.81)

+ Controls
−13.00∗∗ 116.89 404 91
(5.92) (91.01)

Non-Payment/Hearing
−18.34∗ −283.11∗ 75 420
(10.23) (147.81)

+ Controls
−22.27∗∗ −375.85∗∗ 75 429
(10.42) (166.22)

Hardship/Judgements
−7.04 21.04 100 395
(8.16) (147.55)

+ Controls
−17.78∗∗ −179.71 100 395
(9.05) (185.93)

Either/Hearings
−12.33 187.64 87 408
(9.19) (133.40)

+ Controls
−18.85∗∗ −311.12∗∗ 87 408
(9.38) (149.54)

Overall or CDC
−8.59∗∗ −36.41 404 91
(4.35) (65.70)

+ Controls
−15.46∗∗∗ −164.84∗∗ 404 91
(5.19) (76.69)

Standard errors are clustered at county level and are presented in parentheses.
∗, ∗∗, and ∗∗∗ imply that coefficients are significant at 10%, 5% and 1% levels,

respectively. Controls include both COVID cases and ∆ Employment.

Coefficients for ∆Valuation are in 10000’s of dollars.



Table 6(b): DIDM results from regressing change in Building Permits on Eviction Moratorium

5+ Units Building Permits

∆ Units ∆ Valuation N switchers N

Treatments (1) (2) (3) (4)

Overall Moratorium

−11.29 −135.83 891 3920

(8.03) (200.25)

+ Controls

−12.67∗† −169.50 816 3248

(7.12) (260.90)

+ State trends

−12.32∗† −165.28 816 3248

(6.51) (219.71)

Non-Payment/Hearings

−43.83∗∗ −334.94 95 2566

(22.10) (599.55)

+ Controls

(-44.56) −515.56 77 2044

(35.23) (602.95)

+ State trends

−39.54 −528.49 77 2044

(33.15) (589.20)

Non-Payment/Executions

−29.61∗† 15.80 245 3583

(16.81) (295.94)

+ Controls

−26.95 156.10 225 3165

(18.40) (294.22)

+ State trends

−26.96 169.10 225 3165

(19.95) (387.24)

Both/Executions

−2.95 330.10∗† 598 3445

(11.33) (184.89)

+ Controls

1.45 360.06 549 2894

(10.96) (227.36)

+ State trends

1.44 359.93 549 2894

(11.07) (175.68)

Standard errors are clustered at county level and are presented in parentheses. ∗, ∗∗,

and ∗∗∗ imply that coefficients are significant at 10%, 5% and 1% levels, respectively.

† implies that for significant DIDM estimators, the placebo effect is not significantly

different from 0 at 10% significance level.

Controls include both COVID cases and ∆ Employment.



Table 7: TWFE of regressing change in Building Permits on Eviction Moratorium

∆Sales N(Treat) N(Control)

Treatments (1) (2) (3)

Overall Moratorium

4.24∗∗∗ 213 21

(1.21)

+ Controls

3.11∗∗∗

(1.02)

Hardship/Hearings

10.20 21 213

(1.50)

+ Controls

9.70∗

(5.33)

Non-Payment/Hearings

5.62∗∗ 52 182

(2.54)

+ Controls

6.17∗∗∗

(2.00)

Hardship/Judgements

6.07∗∗ 79 155

(2.87)

+ Controls

2.87∗

(1.63)

Either/Hearings

6.13 61 173

(4.10)

+ Controls

6.26∗

(3.20)

Either/Judgements

5.16∗∗ 89 145

(2.61)

+ Controls

2.56∗

(1.49)

Standard errors are clustered at county level and are presented in paren-

theses. ∗, ∗∗, and ∗∗∗ imply that coefficients are significant at 10%, 5%

and 1% levels, respectively. Controls include both COVID cases and ∆

Employment.



6.2 Figures

Figure 1: Fig 1: Shelter-in-Place orders in U.S. states
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(a) Overall Moratoria (b) CDC Moratorium

Fig 2(a): Duration of overall and CDC Eviction Moratoria indicators (in months)

(c) Moratoria on hearings (d) Moratoria on judgements (e) Moratoria on executions

Fig 2(b): Duration (in months) of either-cause (hardship or non-payment) based eviction moratoria

(f) Moratoria on hearings (g) Moratoria on judgements (h) Moratoria on executions

Fig 2(c): Duration (in months) of moratorium on both (non-payment and hardship caused) eviction
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(a) ∆ Sales for Single-Family houses without con-
trols

(b) ∆ Sales for Single-Family Houses with con-
trols

(c) ∆ Sales for Condos without controls (d) ∆ Sales for Condos with controls

(e) ∆ Sales for All Residential Houses without
controls

(f) ∆ Sales for All Residential Houses with con-
trols

Fig 3: TWFE event-study graphs with 95% CI of SIP beginning
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(a) Overall Eviction Moratorium without con-
trols (b) Overall Eviction Moratorium with controls

Fig 4: TWFE Event-study graphs with 95% confidence intervals of Overall Eviction Moratotoria
beginning
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Appendix

Figure A1 shows the variation in the duration of overall or CDC moratorium across states. This

indicator is 1 if overall moratorium, CDC moratorium or both were in effect in a given state.

Figure A2 shows the event-study graphs of the impact of ending SIP on year-on-year sales

change for condos, townhouses, single-family houses, multi-family houses and all residences.

Figure A3 shows the event-study graphs of the impact of ending overall moratorium, either

cause-based eviction execution moratorium and hardship-based eviction execution moratorium in-

dicators on the change in 5+ Unit Building Permits.

Table A1 shows the TWFE results with change in number of units and their valuations (for

which on building permits are approved) as dependent variables, for single-unit, double-unit and

three-four unit buildings. Different indicators of eviction moratorium are the treatment variables.

Table A2 shows the results from using the DIDM estimator to estimate the effect of different

eviction moratoria on change in multi-family housing sales. The basic format of this table is similar

to Table 5(b) and 6(b) with the treatments being moratoria and dependent variable being change

in sales. The state trends specification is analogous to that used in table 6(b). N and N switchers

are defined the same way as in table 5(b) and 6(b) as well.52 The results shown use 50 bootstrap

replications in the computation of estimators’ standard errors. These standard errors are clustered

at the county level. † implies that DIDM ’s version of parallel trends assumption has been met.

Similar to tables 6(a), 6(b), and 7(a) owing to a large volume of indicators, only the moratoria

indicators that are associated with significant changes in year-on-year sales changes are presented

in the table.

The parallel trends assumption seem to be satisfied for the regressions where moratoria on

eviction judgements are used as treatments and when CDC moratorium is used as treatment with-

out controls and state trends. The regression with the CDC moratorium as treatment produces

52N is the total number of panel observations used in the estimation of the coefficients reported in the table.
N switchers is number of switchers or first-time switchers the coefficient applies to applies to.
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the highest magnitude of the coefficient, although the parallel trends assumption isn’t satisfied

when controls and state trends are added, unlike the other indicators listed. Adding controls and

state trends raises the magnitudes of the coefficients associated with CDC moratorium and morato-

rium on both/executions. Controls and state trends reduce the magnitudes of the impact on year-

on-year sales change associated with moratorium on hardship/executions and either/executions.

To summarize, controlling for COVID cases, ∆ Employment and state trends, the adoption of

moratoria on multiple indicators of eviction executions are associated with an average increase in

year-on-year multi-family sales by approximately 2 units. Controlling for the same factors, the

adoption of CDC moratorium is associated with an average increase in year-on-year multi-family

sales by approximately 4 units.

Table A3 and A4 show the summary statistics and regression results, respectively, using a

9-month (January 2020 to September 2021) unbalanced county-level panel dataset that includes

multiple covariates sourced from Brueckner et al. (2021). Table A4 shows the OLS results with

year-on-year change in sales of all residential buildings as dependent variable and a shelter-in-place

indicator as the primary treatment variable. Time-invariant controls like a ruggedness index, a

quality of life index, a WFH potential indicator, and the Wharton Residential Land Use Regula-

tion Index are added in all the regressions. Columns (2) and (3) display results from including

only the county level number of COVID cases and year-on-year employment change as controls,

respectively. Column (1) includes neither and column (4) includes both.

Tables A5 and A6 show results from running the baseline TWFE regressions of sales change on

SIP, using a 9-month panel (January 2020 to September 2020) and 6-month panel (January 2020

to June 2020) respectively. With slight changes in magnitudes, the coefficients in both the tables

follow similar patterns to those in Table 5(a) in the main text.

Tables A7 and A8 show results from running the regressions of sales change on SIP with the

DIDM estimator, using a 9-month panel (January 2020 to September 2020) and 6-month panel

(January 2020 to June 2020) respectively. With slight changes in magnitudes, the coefficients and

placebo effects in both the tables follow similar patterns to those in Table 5(b) in the main text.
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Table A9 show results from running the baseline TWFE regressions of change in 5+ unit build-

ing permit approvals on eviction moratoria indicators, using a 24-month panel (Jan 2019 to Jan

2021). Treatments that produce significant effects and their corresponding coefficients in this table

follows similar patterns to those in Table 6(a) in the main text.

Fig A1: Overall or CDC Moratoria
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(a) ∆ Sales for All Residential Houses without
controls

(b) ∆ Sales for All Residential Houses with con-
trols

(c) ∆ Sales for Condos without controls (d) ∆ Sales for Condos with controls

(e) ∆ Sales for Multi-Family houses without con-
trols (f) ∆ Sales for Multi-Family Houses with controls

Fig A2: TWFE Event-study graphs with 95% CI of SIP Ending
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(g) ∆ Sales for Single-Family houses without con-
trols

(h) ∆ Sales for Single-Family Houses with con-
trols

(i) ∆ Sales for Townhouses without controls (j) ∆ Sales Townhouses with controls

Fig A3: TWFE Event-study graphs with 95% CI of SIP Ending (continued)
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(a) Overall Eviction Moratorium without con-
trols (b) Overall Eviction Moratorium with controls

(c) Both/Execution Moratorium without con-
trols (d) Both/Exection Moratorium with controls

(e) Hardship/Execution Moratorium without
controls

(f) Hardship/Execution Moratorium with con-
trols

Fig A4: TWFE Event-study graphs with 95% confidence intervals of Moratoria ending
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(a) Overall Eviction Moratorium without con-
trols (b) Overall Eviction Moratorium with controls

(c) ./Hearing Moratorium without controls (d) ./Hearing Moratorium with controls

(e) ./Judgement Moratorium without controls (f) ./Judgement Moratorium with controls

Fig A5: TWFE Event-study graphs with 95% confidence intervals of Eviction Moratotoria begin-
ning
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(a) Overall Eviction Moratorium without con-
trols (b) Overall Eviction Moratorium with controls

(c) ./Hearing Moratorium without controls (d) ./Hearing Moratorium with controls

(e) ./Judgement Moratorium without controls (f) ./Judgement Moratorium with controls

Fig A5: TWFE Event-study graphs with 95% confidence intervals of Eviction Moratotoria begin-
ning
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Table A1: TWFE results from regressing change in Building Permits on Eviction Moratorium

∆ Single Units ∆ Double Units ∆ Three - Four Units

∆ Units ∆ Valuation ∆ Units ∆ Valuation ∆ Units ∆ Valuation

Treatments (1) (2) (3) (4) (5) (6)

Overall Moratorium
6.68∗ −108.00 1.34∗∗∗ −2.48 2.69 2.20
(3.44) (92.36) (0.50) (4.17) (1.70) (25.88)

Hardship/Hearing
−5.79 −178.08 2.54∗∗∗ 5.44 2.02 −9.59
(4.85) (140.78) (0.87) (5.99) (1.30) (29.09)

Non-Payment/Hearing
7.95 280.54∗ −0.31 −25.25∗∗∗ −3.23∗∗ −61.69∗∗

(5.10) (146.32) (0.87) (8.60) (1.66) (28.04)

Both/Hearing
−8.90∗ −172.26∗ 1.07∗ 2.92 0.43 −42.55
(4.62) (96.35) (0.56) (4.53) (2.62) (51.98)

Hardship/Judgement
−2.75 −158.22 2.15∗∗ −2.93 2.84∗ 15.62
(3.94) (120.71) (0.93) (6.41) (1.50) (20.31)

Non-Payment/Judgement
0.40 176.58 −1.39∗ −0.46 −3.25∗∗ −26.59
(5.47) (182.31) (0.83) (7.04) (1.50) (18.76)

Both/Judgement
−4.04 −65.31 1.68∗∗ 0.80 0.22 −48.34∗∗

(3.62) (94.10) (0.67) (4.51) (1.25) (22.03)

Hardship/Execution
−8.71∗ −266.63∗∗ −0.45 −8.89 7.60∗∗ 144.85∗∗

(4.82) (105.43) (1.49) (12.29) (3.41) (69.89)

Non-Payment/Execution
−9.49∗∗ −408.82∗∗∗ 0.89 −11.26 12.09∗∗∗ 173.66∗∗

(4.59) (115.53) (0.97) (13.07) (4.30) (75.51)

Both/Execution
−13.58∗∗∗ −365.73∗∗∗ 1.55∗∗∗ −0.62 7.75∗∗∗ 59.91
(4.27) (90.02) (0.57) (5.00) (2.54) 47.03

Either/Hearings
6.56 225.08∗ 0.06 −20.59∗∗∗ 2.49∗ −52.46∗∗

(4.52) (128.97) (0.78) (7.61) (1.45) (24.29)

Either/Executions
−7.06∗∗ −254.39∗∗∗ 0.16 −8.70 8.39∗∗∗ 128.25∗∗

(3.47) (81.27) (1.02) (8.57) (2.76) (50.74)

CDC Moratorium
3.29 281.92 −.88 11.52∗ −2.51 2.62
(9.65) (223.35) (1.25) (6.93) (1.55) (22.67)

CDC or Overall Moratorium
−1.31 −13.74 0.90∗ 2.81 1.54 1.89
(3.91) (93.28) (0.48) (4.19) (1.45) (22.51)

Standard errors are clustered at county level and are presented in parentheses.
∗, ∗∗, and ∗∗∗ imply that coefficients are significant at 10%, 5% and 1% levels, respectively. All results include

COVID cases COVID cases and ∆ Employment. ∆ Valuations are in 10000’s of dollars
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Table A2: DIDM results from regressing change in Multi-Family Sales on Eviction Moratorium

∆Sales N switchers N

Both/Execution

−2.04∗∗† 380 1746

(0.95)

+ Controls

−2.04∗∗∗† 380 1746

(0.77)

+ State trends

−2.13∗∗† 380 1746

(0.90)

Hardship/Execution

−1.92∗∗† 225 2583

(0.98)

+ Controls

−1.81∗† 225 2583

(1.05)

+ State trends

−1.80∗†

(0.96) 225 2583

Either/Execution

−1.21 305 2628

(0.82)

+ Controls

−1.21∗†

(0.70) 305 2628

+ State trends

−1.20∗†

(0.79) 305 2628

CDC Moratorium

3.66∗∗†

(1.86) 77 801

+ Controls

3.62∗ 77 801

(1.91)

+ State trends

3.64∗∗ 77 801

(1.90)

Standard errors are clustered at county level and are presented in

parentheses. ∗, ∗∗, and ∗∗∗ imply that coefficients are significant

at 10%, 5% and 1% levels, respectively. † implies that for sig-

nificant DIDM estimators, the placebo effect is not significantly

different from 0 at 10% significance level. Controls include both

COVID cases and ∆ Employment.



Table A3: Summary Statistics of All Residential Sales datasets in 9-month panel with Brueckner et al. (2021) covariates

Mean St. Dev Min Max

Change in Sales −4.8 1984.92 -3406 1907

Change in Employment −11933.88 37304.8 −707976 73083

COVID cases 88698.87 306690.4 0 7694092

COVID deaths 3644.70 14489.65 0 225295

Average Temperature 60.10 7.20 46.39 78.69

Average Precipitation 3.90 1.50 0.33 7.61

Ruggedness 0.014 0.013 0.00 0.09

WFH Potential 0.30 0.06 0.19 0.69

Quality of Life Index −0.01 0.04 −0.1 0.18

WRLURI 0.024 0.70 −1.76 4.31

2020 Population Density 393.69 1512.26 1.02 27470.61

Data collected for 584 counties
WRLURI stands for Wharton Residential Land Use Regulation Index



Table A4:OLS with month-fixed effects results from regressing change in All-residential Sales on SIP with Brueckner
et al. (2021) covariates

∆ All Residential Sales

(1) (2) (3) (4)

SIP
−66.02∗∗∗ −66.17∗∗∗ −59.01∗∗∗ −58.83∗∗∗

(10.40) (10.41) (9.39) (8.73)

COVID Cases
0.00 0.00∗∗∗

(0.00) (0.00)

∆Employment
0.00∗∗∗ 0.00∗∗∗

(0.00) (0.00)

Average Precipitation
2.97 3.20 −2.84 0.46
(1.96) (1.98 ) (1.79) (1.67)

Average Temperature
−1.10∗∗∗ −1.18∗∗∗ 0.13 −1.10∗∗∗

(0.40) (0.41) (0.37) (0.34)

Ruggedness
−115.18 −102.46 −317.40 −114.22
(234.84) (235.07) (212.15) (197.18)

Quality of Life Index
5.20 2.42 118.62∗ 113.14∗

(76.59) (76.62) (69.21) (64.31)

WFH Potential
−144.15∗∗∗ −152.65∗∗∗ 199.76∗∗∗ 181.47∗∗∗

(41.80) (42.40) (39.04) (36.28)

WRLURI
−8.40∗∗ −8.73∗∗ −4.21 −10.28∗∗∗

(4.21) (4.22) (3.80) (3.54)

2020 Pop. Density
−0.01∗∗∗ −0.01∗∗∗ 0.01∗∗∗ 0.01∗∗∗

(0.00) (0.00) (0.00) (0.00)

Month Fixed Effects Yes Yes Yes Yes

R2 0.21 0.21 0.35 0.44

Standard errors are clustered at county level and are presented in parentheses.
∗, ∗∗, and ∗∗∗ imply that coefficients are significant at 10%, 5% and 1% levels,
respectively.
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Table A5: TWFE results from regressing change in Sales on SIP using 9-month panel

∆ Sales

Single-Family Townhouse Condo Multi-Family All Residences

(1) (2) (3) (4) (5)

SIP
−28.58∗∗∗ −15.59∗∗∗ −16.97∗∗∗ −2.31∗∗∗ −44.46∗∗∗

(5.02) (4.39) (4.09) (0.88) (6.83)

+ COVID Cases
−27.94∗∗∗ −15.77∗∗∗ −17.41∗∗∗ −2.06∗∗ −43.74∗∗∗

(4.93) (4.41) (4.18) (0.89) (6.73)

+ ∆ Employment
−25.70∗∗∗ −15.87∗∗∗ −16.28∗∗∗ −2.08∗∗ −40.022∗∗∗

(4.27) (4.21) (3.61) (0.89) (5.70)

+ Both
−22.82∗∗∗ −16.44∗∗∗ −17.40∗∗∗ −2.19∗∗ −36.37∗∗∗

(3.70) (4.20) (3.64) (0.90) (4.94)

N(Treated) 1278 311 375 261 1280

N(Control) 50 4 7 4 50

N 1328 315 382 265 1330

Standard errors are clustered at county level and are presented in parentheses.

∗, ∗∗, and ∗∗∗ imply that coefficients are significant at 10%, 5% and 1% levels, respectively. N stands
for total no. of counties. N(Treated) and N(Control) stand for number of treated and control counties,
respectively.

Table A6: TWFE results from regressing change in Sales on SIP using 6-month panel

∆ Sales

Single-Family Townhouse Condo Multi-Family All Residences

(1) (2) (3) (4) (5)

SIP
−22.75∗∗∗ −12.64∗∗∗ −17.55∗∗∗ −2.54∗∗∗ −35.94∗∗∗

(4.97) (3.60) (4.55) (0.90) (6.71)

+ COVID Cases
−18.89∗∗∗ −11.93∗∗∗ −13.27∗∗∗ −1.00 −28.98∗∗∗

(4.67) (3.31) (4.31) (0.82) (6.11)

+ ∆ Employment
−15.93∗∗∗ −12.57∗∗∗ −15.17∗∗∗ −2.15∗∗ −25.37∗∗∗

(3.57) (3.19) (3.85) (0.91) (4.55)

+ Both
−16.94∗∗∗ −12.59∗∗∗ −14.66∗∗∗ −1.24 −26.15∗∗∗

(3.61) (3.10) (3.87) (0.88) (4.62)

N(Treated) 1278 311 375 261 1280

N(Control) 50 4 7 4 50

N 804 1382 382 265 1330

Standard errors are clustered at county level and are presented in parentheses.

∗, ∗∗, and ∗∗∗ imply that coefficients are significant at 10%, 5% and 1% levels, respectively. N stands
for total no. of counties. N(Treated) and N(Control) stand for number of treated and control counties,
respectively.
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Table A7: DIDM results from regressing change in Sales on SIP using 9-month panel

∆ Sales

Single-Family Townhouse Condo Multi-Family All Residences

(1) (2) (3) (4) (5)

SIP
−23.29∗∗∗† −2.65 −14.83∗∗∗† −0.54 −27.81∗∗∗

(2.94) (4.56) (3.03) (0.82) (5.27)

State trends
−24.48∗∗∗† −1.76 −15.05∗∗∗† −0.42 −28.59∗∗∗

(4.17) (5.69) (3.58) (1.15) (6.13)

Adding Controls

+ COVID Cases
21.22−∗∗∗† −2.57 −13.85∗∗∗ −0.53 −24.03∗∗∗†

(3.46) (4.94) (3.89) (1.29) (6.46)

State trends
−21.96∗∗∗† −1.62 −13.50∗∗∗ −0.40 −24.00∗∗∗†

(3.40) (5.65) (3.33) (0.89) (5.67)

+ ∆ Employment
−8.12∗† 5.39 −5.21 1.21 −7.70

(4.22) (4.79) (4.29) (1.00) (5.08)

State trends
−9.36∗∗∗† 7.58 −3.75 1.61 −8.19

(3.23) (5.99) (4.59) (1.52) (6.35)

+ Both
−8.25∗∗† 5.04 −5.50 1.09 −7.12

(3.80) (4.02) (4.80) (1.48) (5.13)

State trends
−9.16∗∗† 7.05 −3.98 1.46 −6.92

(4.44) (6.32) (3.97) (1.34) (5.63)

N 3796 945 1126 779 3803

N switchers 2485 586 718 498 2489

N switchers cont 90 54 47 34 91

Standard errors are clustered at county level and are presented in parentheses.
∗, ∗∗, and ∗∗∗ imply that coefficients are significant at 10%, 5% and 1% levels, respectively. † implies
that for significant DIDM estimators, the placebo effect is not significantly different from 0 at the 10%
significance level.
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Table A8: DIDM results from regressing change in Sales on SIP using 6-month panel

∆ Sales

Single-Family Townhouse Condo Multi-Family All Residences

(1) (2) (3) (4) (5)

SIP
−23.29∗∗∗† −2.64 −14.83∗∗∗† −0.54 −27.81∗∗∗

(4.38) (4.61) (3.26) (1.08) (5.55)

State trends
−24.48∗∗∗† −1.76 −15.05∗∗∗† −0.42 −28.59∗∗∗

(4.21) (5.74) (3.48) (0.97) (5.65)

Adding Controls

+ COVID Cases
−24.55∗∗∗† −3.42 −14.56∗∗∗ −0.60 −27.94∗∗∗†

(3.37) (4.70) (3.65) (1.11) (5.87)

State trends
−25.24∗∗∗† −2.68 −14.26∗∗∗ −0.47 −27.87∗∗∗†

(3.90) (6.86) (4.45) (1.47) (7.23)

+ ∆ Employment
−1.82 4.35 −7.77∗∗ 0.53 −1.97

(6.18) (5.07) (3.15) (1.45) (8.19)

State trends
−2.69 8.11 −7.82∗∗ 0.46 −2.44

(6.67) (7.66) (3.47) (1.27) (7.12)

+ Both
−14.68∗∗∗† −1.02 −10.00∗∗∗ 0.40 −16.09∗∗∗†

(4.43) (5.42) (3.68) (1.69) (5.23)

State trends
−14.98∗∗∗† 2.11 −9.64∗∗∗ 0.17 −15.75∗∗∗†

(4.13) (5.38) (3.26) (1.29) (5.93)

N 3796 954 1126 779 3803

N switchers 2485 586 718 498 2489

N switchers cont 90 54 47 34 91

Standard errors are clustered at county level and are presented in parentheses.
∗, ∗∗, and ∗∗∗ imply that coefficients are significant at 10%, 5% and 1% levels, respectively. † implies
that for significant DIDM estimators, the placebo effect is not significantly different from 0 at the 10%
significance level.
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Table A9: TWFE of regressing change in Building Permits on Eviction Moratorium using 24-moth panel

5+ Units Building Permits

∆ Units ∆ Valuation N(Treat) N(Control)

Treatments (1) (2) (3) (4)

Non-Payment/Hearing
−25.94∗∗ −384.47∗∗

75 422
(11.45) (166.29)

+ Controls
−32.39∗∗∗ −508.75∗∗∗

75 422
(11.72) (185.13)

Both/Judgements
8.72 205.34∗∗ 216 281

(6.27) (106.27)

+ Controls
−3.56 −25.10 216 281

(6.89) (125.10)

Non-Payment/Judgement
2.04 160.99 123 374

(9.03) (167.82)

+ Controls
−18.31∗∗ −140.26 123 374

(9.27) (186.67)

Either/Hearing
−16.78 −260.26∗ 87 410

(10.79) (149.93)

+ Controls
−27.86∗∗∗ −428.89∗∗∗ 87 410

(10.46) (164.55)

Overall or CDC Moratorium
−2.91 21.82 406 91

(5.39) (77.86)

+ Controls
−11.47∗ −105.80 406 91

(6.12) (89.10)

Standard errors are clustered at county level and are presented in parentheses.
∗, ∗∗, and ∗∗∗ imply that coefficients are significant at 10%, 5% and 1% levels, respectively.
Controls include both COVID cases and ∆ Employment.
Coefficients for ∆Valuation are in 10000’s of dollars.
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Table A10:TWFE results from regressing change in Sales on SIP

∆ Sales

Single-Family Townhouse Condo Multi-Family All Residences

(1) (2) (3) (4) (5)

SIP
−29.02∗∗∗ −15.77∗∗∗ −17.03∗∗∗ −3.20∗∗∗ −79.52∗∗∗

( 4.93) ( 4.65 ) (3.86) (0.97) (10.49)

+ COVID Cases
−29.19∗∗∗ −15.89∗∗∗ −17.09∗∗∗ −2.66∗∗∗ −76.90∗∗∗

(4.90) (4.66) ( 3.90) (0.94) (10.80)

+ ∆ Employment
−24.38∗∗∗ −15.51∗∗∗ −14.54∗∗∗ −2.80∗∗∗ −52.32∗∗∗

(4.06) (4.44 ) (3.29) (0.92) (8.13)

+ Both
−22.13∗∗∗ −15.97∗∗∗ −15.57∗∗∗ −2.76∗∗∗ −51.48∗∗∗

(3.62) (4.42 ) (3.24) ( 0.94 ) (8.05)

Overall Mean 4.62 3.28 −3.75 −2.44 66.96

Pre-pandemic mean 91.25 28.94 36.42 9.22 115.48

N(Treated) 789 290 376 261 1223

N(Control) 15 3 6 4 46

N 804 293 382 265 1269

Standard errors are clustered at county level and are presented in parentheses.∗, ∗∗, and ∗∗∗ imply that coefficients are significant at 10%, 5% and 1% levels, respectively. N stands
for total no. of counties. N(Treated) and N(Control) stand for number of treated and control counties,
respectively.
Overall means show the average year-on-year changes for each housing type across the counties and
months contained in the dataset.
Pre-pandemic means stand for average year-on-year changes for each housing type across the counties
in January 2020 before the pandemic began.
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Table A11: DIDM results from regressing change in Sales on SIP

∆ Sales

Single-Family Townhouse Condo Multi-Family All Residences

(1) (2) (3) (4) (5)

SIP
−23.28∗∗∗† −2.64 −14.82∗∗∗† −0.54 −27.81∗∗∗

(4.27) (4.91) (3.78) (1.08) (5.11)

State trends
−24.48∗∗∗† −1.83 −15.05∗∗∗† −0.42 −28.59∗∗∗

(3.59) (5.05) (3.61) (0.90) (5.42)

Adding Controls

+ COVID Cases
−21.22∗∗∗† −2.57 −13.85∗∗∗ −0.53 −24.03∗∗∗†

(4.14) (5.28) (4.34) (1.10) (6.14)

State trends
−21.96∗∗∗† −1.73 −13.50∗∗∗ −0.40 −24.00∗∗∗†

(4.11) (6.23) (3.82) (1.02) (5.30)

+ ∆ Employment
−17.70∗∗∗† 5.11 −6.90∗ 1.13 −8.56∗†

(3.43) (3.74) (3.81) (1.19) (5.14)

State trends
−19.12∗∗∗† 7.82 −5.87 1.44 −8.54

(3.03) (4.91) (3.84) (1.35) (5.04)

+ Both
−17.43∗∗∗† 4.81 −7.1∗∗ 1.01 −7.82

(4.14) (3.56 ) (3.56) ( 1.07) (5.26)

State trends
−18.51∗∗∗† 7.31 −5.98 1.30 −7.07

(4.18) (7.01) (3.89) (1.33) (5.04)

Overall Mean 4.62 3.28 −3.75 −2.44 66.96

Pre-pandemic mean 91.25 28.94 36.42 9.22 115.48

N 3796 945 1126 779 3803

N switchers 2485 586 718 498 2429

N switchers cont 90 52 47 34 91

Standard errors are clustered at county level and are presented in parentheses.
∗, ∗∗, and ∗∗∗ imply that coefficients are significant at 10%, 5% and 1% levels, respectively. † implies that for significant
DIDM estimators, the placebo effect is not significantly different from 0 at the 10% significance level.
Overall means show the average year-on-year changes for each housing type across the counties and months contained in
the dataset.
Pre-pandemic means stand for average year-on-year changes for each housing type across the counties in January 2020
before the pandemic began.
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