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ABSTRACT OF THE DISSERTATION

Essays in Urban and Public Economics
By
S. Sayantani
Doctor of Philosophy in Economics
University of California, Irvine, 2023

Professor Jan Brueckner, Chair

My dissertation contains three chapters where I employ spatial hedonic modelling, reduced-form
estimations and causal inference techniques to analyze urban demographics, migration and the
housing market in the U.S. The first chapter employs generalized difference-in-difference to esti-
mate the impact of COVID-19 regulations on the year-on-year of changes in housing sales and
building permits approval. This chapter attempts to investigate if and how these interventions
causally impacted the county-level housing sales and building permits approval in the U.S. The
second chapter formulates a spatial hedonic equilibrium model to show inter-city impacts of the
introduction of work-from-home, with multiple worker types. The third chapter explores how com-

munity characteristics at a city level correlate to fatal police encounters over the period 2000-2010.

The first chapter explores the effect of public policies like shelter-in-place and eviction morato-
ria on relative housing sales and building permits approved for construction. 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. Prolonged and over-lapping eviction
moratoria could dampen the construction of multi-family units. This paper attempts to investi-
gate 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 us-
ing a traditional generalized difference-in-difference estimator and a more recent variation of the
estimator that is more suited multiple treatment groups with staggered treatment introductions

and withdrawals. The results show that shelter-in-place is associated with significantly smaller

viii



year-on-year changes in sales of single-family houses, condominiums and the collection of all resi-
dences. 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. Apart from the base-
line model, the chapter also employs an additional estimator to add robustness to the results. SIP
is found to be associated with significantly smaller relative 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 relative changes in multi-family building

permit approvals.

The second chapter formulates a spatial hedonic equilibrium model that shows inter-city
impacts of the introduction of work-from-home. Following Brueckner, Kahn and Lin (2021), the
paper attempts to theoretically study how the introduction of work-from-home, which allows work-
ers to relocate across cities while keeping their original jobs, impacts housing prices, population
and employment levels. Extending Brueckner et al. (2021), the current paper divides the workforce
into two types of workers, remote and non-remote, to allow for a more realistic work-from-home
model. Additionally, the model uses explicit functional forms for production and utility, resulting
in closed-form equilibrium solutions conditional on the extent of productivity advantages, amenity
advantages, and degree of complementarity between worker types. The current paper aims to

examine whether the main results in Brueckner et al. (2021) still hold in the modified model.

The third chapter aims to answer if and how community characteristics at a city level correlate
to fatal police encounters over the period 2000-2010. Panel and cumulative datasets on police-
involved deaths from FatalEncounters.org, along with a relevant set of socio-demographic controls,
are used in a negative binomial regression model to find factors that might affect the count of officer-
involved deaths that occurred in a city. For the longitudinal panel data, the Black population and
the Hispanic population in a city along with police employment, the level of crime and median
income constitute significant determinants of officer-involved deaths. With panel and cumulative
datasets used in negative binomial regression models, it is found that, for the longitudinal panel
data, the Black population and the Hispanic population in a city along with police employment,

the level of crime and median income constitute significant determinants of officer-involved deaths.
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Chapter 1

Housing Sales and Construction
Responses to COVID-19 : Evidence
from Shelter-in-Place and Eviction

Moratoria in the U.S.

1.1 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.! 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

'Residential investment includes construction of new single-family and multifamily structures, residential
remodeling, 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.



the pandemic continued, the associated reductions in income and employment, and the lowering
of mortgage rates, had spillover effects on housing demand? and rental markets (as discussed by
Batalha et al. (2022).> 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))* as key drivers of changing trends in housing prices, rents,

valuations and urban flight.?

In addition, many studies are now attempting to isolate the effects of the non-pharmaceutical
interventions (NPIs) related to COVID® from the overall pandemic-induced changes and to inves-
tigate 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 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,

2Zhao (2020) finds an increase in housing demand since March 2020 in response to lowered mortgage
rates.

3 Analysing 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.

®Coven et al. (2022) find that urban residents fled to socially connected areas, consistent with the the-
ory 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.



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
individual 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 units” 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.® 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.” 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
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

"According 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

8 Multi-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.



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 54+ unit buildings.'® 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).1!

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, con-
trolling 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 hav-
ing 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 co-

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.

1 Researchers Emily Benfer and Robert Koehler employed longitudinal policy surveillance to comprehen-
sively 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.



efficients from TWFE models when treatment effects are heterogeneous over time and/or across
groups.'? 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
DIDjy;.*> 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 DIDy; 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.'4

Using the DI D) 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%

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, DIDj; 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.



respectively.

The baseline TWFE estimation shows that the overall eviction moratorium and moratoria
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 DIDj; results show that, upon adding controls, moratoria on non-payment based evic-
tion 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 7'°) respectively.!® 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 DI D), 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

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.

160n 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.



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 pending home sales in response to multiple NPIs, particularly the closure of non-essential
businesses 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.

1.2 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.!” 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

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

towns.
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,

"Data available here: https://www.redfin.com/news/data-center/

18The Building Permits Survey covers all “permit-issuing places”, defined as jurisdictions that issue build-
ing 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.



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
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 1.1 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 ob-
tained from “Eviction Moratoria & Housing Policy: Federal, State, Commonwealth, and Territory”
from OpenICPSR.' Researchers Emily Benfer and Robert Koehler employed longitudinal policy
surveillance to comprehensively describe state, court and legislature involvement in the eviction
moratorium resulting from the emergence of the COVID-19 pandemic and continuing through the
end of substantive state intervention.?’ 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 re-

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

Yhttps:/ /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.



provided 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 1.2, 1.3 and 1.4 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.

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.?! 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:

cm __ yecm cm
AXt - Xt T At—-1o

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.
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where X" 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.?? Table 1.1 shows the

summary statistics for these datasets.

2. BP - FEwviction Moratoria dataset: This dataset is a 36-month panel containing data
on building permits approved, their valuations, COVID cases, COVID deaths, em-
ployment 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 build-
ings 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 : prohi-
bition on court hearings for eviction, prohibition on passing judgements on eviction

cases, prohibition on execution of evictions. In terms of causes for evictions being

22The four types of housing include single-family houses, multi-family multi-family buildings, condos and
townhouses.
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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.?? The paper also constructs a third
moratorium indicator for each strength level that records 1 for months for which ei-
ther 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, mora-
torium indicator Non-payment/Hearing would refer to moratorium on non-payment

based eviction hearings.

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 evic-
tion, 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

23The Hardship moratorium is more restrictive in terms of the tenants having to prove that their incon-
veniences have been caused specifically by COVID.
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landlords to recognize the moratorium enacted only by CDC, if a moratorium has
already not been enacted by the state.?* 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.?? Table 1.2 shows the details of the eviction moratoria indicators
pertaining to the 495 counties in the dataset. Table 1.3 shows the summary statistics

of the year-on-year change in building permit approval.

. Multi-family Housing Sales:

This dataset is a 36-month panel as well containing sales of multi-family residen-
tial buildings, 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 1.4 shows the summary statistics of
the eviction moratoria and change in multi-family housing sales pertaining to the 234

counties in the dataset.

Table 1.5 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.

24Tt’s important to note that states that already had state-enacted eviction moratoria in effect did not
necessarily 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.

13



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 dataset? 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).

1.3 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 2020.2” 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
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,?® with

26These datasets only record all-residential sales.

27Staggered treatment is defined as a treatment that is implemented at different points in time for different
individuals. However, treated groups may or may not stay treated till the end of the observation period once
treatment begins.

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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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.

1.3.1 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
graphical illustration of an event study regression. Let Fvent. record the the month m in which
the treatment is first adopted in a given county c. Consistent with the previous notation, the
treatment D, is adopted in month m in county ¢, and the outcome of interest is Y,,,. The panel

event-study specification can then be written as:

J K

Y::m =a+ Z 5k(Leadj)cm + Z Nk(Lag k)cm + €cm.- (1'1)
j=1 k=1
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In equation (1), lags and leads to the event of interest are defined as follows:

(Lead J)em, = 1[m < Event. — J|, (1.2)
(Lead j)em = 1[m = FEvent. —j] VYjel,..,J—1, (1.3)

(Lagk)em = 1[m = Event.+ k] Vkel,..,K —1, (1.4)
(Lag K)em = 1[m > Event. + K]. (1.5)

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
estimation (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.? Hence, adding controls, county and

month fixed effects to the baseline event-study regression gives us:
J K
Yom = a+ Z Br(Lead j)em + Z pk(Lagk)em + ve + Ym + Xem + €cm. (1.6)

j=1 k=1

In equation (6), . and ~,, are the county and month fixed effects respectively, while X,.,, are

county-level monthly controls.

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

29Further discussion in the next section
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the presence of unit and time fixed effects, the specification in equation (6) suffers from an under-
identification problem.? 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 A 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 2020.3!
The results from the first specification are illustrated in the main text while those from the second

specification are illustrated in the appendix.

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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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
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 A Employment, are shown. These results should be read with caution owing
to A Employment potentially being an outcome of Shelter-in-place and eviction moratorium (dis-
cussed 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).
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1.3.2 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
of county and month fixed effects. By using year-on-year changes? 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.?3

The baseline regressions run are hence specified as:

Yem = Ye + Ym + Xem + 5DDDcm + €cm (1.7)

where
Y. is the county-level outcome in county ¢ and month m,
Ye & v are the county and month fixed effects respectively,

Xcm are time-variant county-level controls,

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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D.,, 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 in-
consistent 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 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.
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1.3.3 Issue of Negative Weights

Applying the same notation as in (7), if B denotes the coefficient of D, and § denote its expec-
tation, under the common trends assumption, de Chaisemartin and D’Haultfceuille (2020a) show
that /3 is equal to a weighted sum of the treatment effect in each treated (g,m) cell (in a two-period

binary treatment case):

B=FE Z Wg,még,m (18)

(g:m):Dg,m=1

dg,m is the average treatment effect (ATE) in group g and period m and the weights W, ,,, sum
to one but may be negative. [ 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).

To overcome the problem with negative weights, de Chaisemartin and D’Haultfeeuille (2020a)
propose a new estimator, DI D)y, 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.
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The weighting of these two DIDs makes the resulting estimator valid, even if the treatment effect

is heterogeneous over time or across groups.>*

DIDj; 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 DID);, 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. DIDj; relies on common trends assumptions on both potential outcomes,
and de Chaisemartin and D’Haultfeeuille (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.

DIDj; 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 ¢’s treatment does not change from m — 1 to
m. When “state_trends” is specified, the DIDj; 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

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

34 As discussed by de Chaisemartin and D’Haultfeeuille (2022).
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1.4 Results

1.4.1 SIP and Sales

Figure 1.5 illustrates the TWFE event-study graphs from regressing A 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 A 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. 3°

Table 1.6 shows the results of running the standard TWFE regression with year-on-year

35Figure A3 in the appendix illustrates the TWFE event-study graphs from regressing A Sales of various
types of houses on the ending of SIP. =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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change in sales (or A 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 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 A Sales, with the variation in
coefficients appearing from adding COVID cases, A 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.?® Adding the number of COVID cases and A 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 A Employment.

Table 1.7 shows the results from using the DIDj; 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 1.6 with the exception of an additional ‘state_trends’ specification
with each original regression.?” 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

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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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. T implies that DIDj;’s

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 A 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) units®® 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
baseline 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 assump-
tion 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

A Sales for all-residences.

38Mean values are obtained from Table 1.1

25



1.4.2 Eviction Moratoria and Building Permits

Figure 1.6 illustrates the TWFE event-study graphs from regressing A multi-family units on the

overall eviction moratorium indicator.??.

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

building permits approved. 40

Table 1.8 presents the results from running the baseline TWFE regression of the change
in the total number of units and their corresponding valuation in 54 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 A 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 valuation. 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

390wing 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

4OFigure A4 in the appendix illustrates the TWFE event-study graphs from regressing A Units approved
on the ending of the same moratoria indicators studied in Figure 4. =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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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 significant 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 coefficients. 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 A 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
the mean change in five-plus building units approved*! of approximately 7 units. Compared to
the pre-pandemic mean year-on-year change of 64.77 units*?, 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.*3

Table 1.9 shows the results from using the DI Dj; 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 1.7, 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 1.7, except that whenever the state_trends are

41Data obtained from Table 1.3

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 mora-
torium 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 mora-
torium 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.
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specified, they are always being added after controlling for both COVID cases and A Employment.*

145 The results shown use 50

N and N _switchers are defined the same way as in table 1.7 as wel
bootstrap replications in the computation of estimators’ standard errors, which are also clustered
at the county level. T implies that DIDj;’s version of parallel trends assumption has been met.

Similar to table 1.8, 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 DID); estimator suggests that overall and non-
payment based eviction moratoria significantly reduce the change in year-on-year number of multi-
family units approved.?® 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-
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.*” 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 A Employ-
ment, 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
DIDy;s, 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.*8

4Gtate_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 coeflicient 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% re-
spectively.

4TThe moratorium on both/judgements seems to produce a positive year-on-year changes in valuation,
while satisfying the parallel trends assumption. However, as mentioned during the discussion of Table 1.8, 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 morato-
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1.4.3 Eviction Moratoria and Multi-Family Sales

Table 1.10 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 A 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.

The results show that an overall moratorium and some narrower moratorium indicators sub-
sumed in the overall indicator*® 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

caution®” because the results from using the DIDj; estimator show opposite signs for the coefficients

rium indicators. For each moratorium, results show the regression coefficients controlling for COVID cases
and A 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 nega-
tive. 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.

Ygpecifically moratoria on hardship/hearings, hardship/judgements and non-payment/hearings, ei-
ther /hearings and either/judgements

50Table A2 in the appendix shows the results from using the DID); estimator to estimate the effect
of different eviction moratoria on change in multi-family housing sales. The DID); estimator produces
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and significant results corresponding to the CDC moratorium.?!

1.5 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 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

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 DID); 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.

5'Without controls, on an average, the adoption of moratorium on non-payment/hearings, hard-
ship/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 hard-
ship/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 signif-
icant changes in sales. These results should however be read with caution because the results from using the
DID); estimator show opposite signs for the coefficients and significant results corresponding to the CDC
moratorium.
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associated 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
multitude 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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1.6 Tables and Figures

1.6.1 Tables

Table 1.1: Summary Statistics of Sales-SIP Datasets

Single-Family Multi-Family Townhouse Condominium All Residences

4.617089 -2.440318 3.278513 -3.749082 66.96
Change in Sales
( 86.68514) (13.36202 )  (35.80716) (52.40302) (306.12)
-4181.765 -14034.31 -9987.91 -10840.2 -3565.485
Change in Employment
(22818.97) (46031.27) (1 38144.73) (39334.2) (21671.32)
33225.67 112839.3 90155.99 88603.46 29567.55

COVID Cases
(185261.5) (371497.3 ) (337050.5) (317511.8) (175066.8)

1318.362 4914.171 3423.971 3701.487 1173.126
COVID Deaths
(3698.874)  (17655.33 )  (15220.19) (14990.94)  (8216.052)

Treatment (SIP=1) 789 261 290 376 1223
No. of Counties Control (SIP=0) 15 4 3 6 46
Overall 804 265 293 382 1269

2 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 1.2: 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.
Treatment 404 31 100 108 75 122 134 87 168 173 295 215 273
Counties
Control 91 464 395 387 420 373 361 408 327 322 200 280 222
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
Months
(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 1.3: 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

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

A Units  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 4456 -203.2 2490.94 168.56 -2884.79 9138.06

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

A Valuation Between Counties 534 -6.920 3290 2248  -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

2 Valuation statistics are in 10000’s of dollars.
> Overall mean, standard deviations, min and max are calculated across all 495 counties and 36 months with total observation count of 36*495 = 17820.
¢ “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.

4 “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 1.4: 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.
Treatment 213 21 79 86 52 58 106 153 115 182 61 89 126
Counties
Control 21 213 155 148 182 176 128 81 119 52 173 145 108
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)
A Sales
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.
(¢) A 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 1.5: 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 % 749 745 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 % 149 155 1.52 1.52 1.46 1.52 1.54 1.46

@ Average percentages are presented for a cumulative 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 1.6: TWFE results from regressing change in Sales on SIP

A Sales

Single-Family =~ Condo  All Residences

1) (2) (3)

—29.027%  —17.03"*  —79.52%

SIP (4.93) (3.86) (10.49)
—29.19"*  —17.09"*  —76.90***

+ COVID Cases (4.90) (3.90) (10.80)
—24.38"% 1454 5232

+ A Employment (4.06) (3.29) (8.13)
—22.13"* 1557 —51.48*

+ Both (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.

ko ko
)

, 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 hous-

ing type across the counties in January 2020 before the pandemic began.
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Table 1.7: DID,; results from regressing change in Sales on SIP

A Sales
Single-Family Condo All Residences

(1) (2) (3)

—923.28 14 8%t —27.81**
SIP (4.27) (3.78) (5.11)
—24.48"*1  —15.05"*T  —28.59**
State_trends (3.59) (3.61) (5.42)
Adding Controls
—921.22¢+t 13850 24,03t
+ COVID Cases (4.14) (4.34) (6.14)
—21.96"*T  —13.50"*  —24.00"1
State_trends (4.11) (3.82) (5.30)
—17.70%T —6.90* —8.56*1
+ A Employment (3.43) (3.81) (5.14)
19 19wt —5.87 —8.54
State_trends (3.03) (3.84) (5.04)
{743 —7.1** —7.82
+ Both (4.14) (3.56) (5.26)
—18.51%T —5.98 —7.07
State_trends (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 I

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.
T implies that for significant DIDj; 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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Table 1.8: TWFE of regressing change in Building Permits on Eviction Moratorium

5+ Units Building Permits

A Units A Valuation N(Treat) N(Control)

Treatments (1) (2) (3) (4)
—8.92* —15.21 404 91

Overall Moratorium (4.96) (78.81)
—13.00** 116.89 404 91

+ Controls (5.92) (91.01)
—18.34* —283.11% 75 420

Non-Payment /Hearing ~ (10.23) (147.81)
—22.27* —375.85** 75 429

+ Controls (10.42) (166.22)
—7.04 21.04 100 395

Hardship/Judgements (8.16) (147.55)
—17.78** —179.71 100 395

+ Controls (9.05) (185.93)
—12.33 187.64 87 408

Either /Hearings (9.19) (133.40)
—18.85** —311.12* 87 408

+ Controls (9.38) (149.54)
—8.59** —36.41 404 91

Overall or CDC (4.35) (65.70)
—15.46"*  —164.84** 404 91

+ Controls (5.19) (76.69)

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

* ok
) 7

and *** imply that coefficients are significant at 10%, 5% and 1% levels, respec-

tively. Controls include both COVID cases and A Employment.
Coefficients for AValuation are in 10000’s of dollars.
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Table 1.9: DI D), results from regressing change in Building Permits on Eviction Moratorium

54 Units Building Permits

A Units A Valuation N_switchers N

Treatments (1) (2) (3) (4)
—-11.29 —135.83 891 3920

Overall Moratorium (8.03) (200.25)
—12.67* —169.50 816 3248

+ Controls (7.12) (260.90)
—12.32*T  —165.28 816 3248

+ State_trends (6.51) (219.71)
—43.83** —334.94 95 2566

Non-Payment /Hearings (22.10) (599.55)
(-44.56) —515.56 77 2044

+ Controls (35.23) (602.95)
—39.54 —528.49 77 2044

+ State_trends (33.15) (589.20)
—29.61*f 15.80 245 3583

Non-Payment/Executions ~ (16.81) (295.94)
—26.95 156.10 225 3165

+ Controls (18.40) (294.22)
—26.96 169.10 225 3165

+ State_trends (19.95) (387.24)
—2.95 330.10*T 598 3445

Both/Executions (11.33) (184.89)
1.45 360.06 549 2894

+ Controls (10.96) (227.36)
1.44 359.93 549 2894

+ State_trends (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. T implies that for significant DIDj; estimators, the placebo effect

is not significantly different from 0 at 10% significance level.
Controls include both COVID cases and A Employment.
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Table 1.10: TWFE of regressing change in Building Permits on Eviction Moratorium

A Sales N(Treat) N(Control)

Treatments (1) (2) (3)
4.24*** 213 21

Overall Moratorium (1.21)

3.11%

+ Controls (1.02)
10.20 21 213

Hardship/Hearings (1.50)

9.70*

+ Controls (5.33)
5.62** 52 182

Non-Payment/Hearings ~ (2.54)

6.17%*

+ Controls (2.00)
6.07** 79 155

Hardship/Judgements (2.87)

2.87*

+ Controls (1.63)
6.13 61 173

Either/Hearings (4.10)

6.26*

+ Controls (3.20)
5.16™* 89 145

Either/Judgements (2.61)

2.56*

+ Controls (1.49)

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 A Employment.
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1.6.2 Figures

Figure 1.1: Shelter-in-Place orders in U.S. states
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(a) Overall Moratoria (b) CDC Moratorium

Figure 1.2: Duration of overall and CDC Eviction Moratoria indicators (in months)
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Figure 1.3: Duration (in months) of either-cause (hardship or non-payment) based eviction
moratoria
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Figure 1.4: Duration (in months) of moratorium on both (non-payment and hardship caused)
eviction
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Chapter 2

The Intercity Impacts of
Work-from-Home in a Spatial

Hedonic Model with Remote and

Non-Remote Workers

2.1 Introduction

Work-from-home (WFH) has increased since the onset of the coronavirus (COVID-19) pandemic.
Before the pandemic, 17 percent of U.S. employees worked from home 5 days or more per week, a
share that increased to 44 percent during the pandemic,' helping to spur expenditures to upgrade

the home workspace.? Within a given city, WFH enables residents to work without physically trav-

IStatistics from https://www.statista.com /statistics/1122987/change-in-remote-work-trends-after-covid-
in-usa/

2Interviews with major employers and monthly surveys from May 2020 to March 2021 of persons aged
20-64 who earned at least $20,000 in 2019 find that on average, workers invested 15 hours of time and $560 to
upgrade their home work spaces. See https://www.weforum.org/agenda/2021/07 /work-form-home-hybrid-
working-covid-pandemic-us-office
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eling to their offices, thus reducing commuting cost. Looking across cities, WFH enables employees
to relocate to a different city while continuing to work remotely in their original city. Breaking
the connection between residence and employment location offers an opportunity to rethink urban

spatial models, which otherwise assume that people work in the city where they live.

Brueckner, Kahn & Lin (2021) explore the intercity effects of the introduction of WFH and
predict how WFH would change the spatial hedonic equilibrium. BKL analyze the patterns of
WFH-induced changes in employment levels and populations as well as wages and housing prices
across cities, exploring the effects of two city characteristics on the outcomes: productivity and
amenities. BKL find that a shift to WFH causes some residents to relocate from high-productivity
cities to low-productivity cities, which have cheaper housing, while maintaining their jobs in the
original city. BKL also find that WFH leads some residents to relocate from low-amenity cities to
high-amenity ones despite their expensive housing, while keeping their original jobs. In both cases,

housing prices rise in the receiving city and fall in the one losing population.

While the model used by BKL attempts to capture the shift in the spatial equilibrium arising
from the introduction of WFH, it unrealistically assumes that all workers are able to work remotely.
The purpose of the current paper is to extend BKL’s model to incorporate two kinds of workers,
those who can work remotely and those who cannot. In the paper, only remote workers, whose jobs
offer the option to telecommute, can now relocate to cities with better residential advantages while
maintaining their jobs in other cities. Non-remote workers still have to live in the city where they
work, implying that if they wish to relocate, they would need to find a job in the new city. The
research question that the current paper attempts to answer is how the intercity impacts of WFH
differ in this more realistic scenario while keeping the same general extension of the Rosen-Roback

model that BKL employ.

Following BKL’s two-city setup, San Francisco (city s) has better amenities and higher worker
productivity than Detroit (city d). As in BKL, city land areas are fixed, implying that a higher pop-

ulation raises housing prices and reduces housing consumption. The total population (and hence,

3Referred to as BKL, from this point onward.
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total employment) of each type of worker is fixed across the two cities. Remote and non-remote
workers are imperfectly substitutable, being complements in the production function. Hence, the
wage earned by each type of worker is dependent on the employment level of the other type. A
resident’s welfare is a function of the wage they earn, the amenities they enjoy, and net housing
utility (utility from housing consumption minus costs). Residential relocation ensures that utilities
are equalized across cities for each worker type with and without WFH. But since remote workers
can choose their work locations independent of residence, they must be indifferent among them in
equilibrium, implying equalization of wages across cities for these workers. While this conclusion
follows BKL, wage-equalization for non-remote workers need not occur. Note that, as in BKL, the
model ignores the internal spatial structure of cities and thus the effect of WFH on central versus

suburban location choices, focusing only on inter-city choices.

Without WFH, city-level employment and population must be equal for both types of workers.
Once WFH is introduced, however, the equality between population and employment need not
hold for remote workers. In one city, for example, the remote population could exceed employment
because some of the remote residents are living in the city while working remotely in the other
city. Unlike the BKL model, however, the population-employment equality must still hold for non-
remote workers. In contrast to BKL, the analysis uses explicit functional forms for production and

utility functions, which is necessary to derive results given the greater complexity of the model.

BKL predict that if the only advantage of city s is better amenities, the introduction of WFH
raises its population and housing price, while the opposite occurs in the lower-amenity city (city
d). In addition, employment falls (rises) in city s (city d), changing in the opposite direction to
population, and some continuing residents of city s now work remotely in city d, as do the city’s new
residents. On the other hand, if the only advantage of city s is higher productivity, BKL show that
WFH reduces its population and housing price, while the opposite occurs in city d. Employment
rises (falls) in city s (city d), again moving in the opposite direction to population. Some continuing

residents of city d now work remotely in city s, as do the city’s new residents.

The findings from the current analysis mostly match those of BKL, with the total and remote-
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worker population levels along with housing prices responding to WFH in the same manner as prices
and populations in BKL (which consist entirely of remote workers). Mirroring the employment
findings of BKL, remote, non-remote and total employment in the current model also move in
opposite directions to population in both the amenity and productivity cases. The result that
does not conform to BKL’s conclusions, however, is the WFH response of non-remote populations.
Unexpectedly, in the amenity case, the non-remote population falls in city s (rising in city d) under
WEFH, the reverse of remote and total populations. Similarly, in the productivity case, the non-
remote population rises in city s and falls in city d, reversing the direction of change of remote and
total populations. While some research (see below) predicts welfare effects from WFH, the current
analysis yields zero welfare changes for both types of workers in both the amenity and productivity
cases. Wage changes exactly offset the effects of housing price changes, leaving welfare unchanged.
Welfare effects were ambiguous in BKL, although imposition of specific functional forms might have

given a determinate answer in their model.

The overall analysis thus concludes that the main results of BKL are unaffected by the
addition of a group of non-remote workers. While this welcome conclusion may not be remarkable,
the only way to reach it is by going through the complicated analysis of the extended model. The
contribution of the present paper is to carry out this analysis, providing a useful contribution to

the WFH literature.

This literature has burgeoned since the onset of the COVID-19 pandemic. The current
analysis resembles Delventhal, Kwon & Parkhomenko (2020), Delventhal & Parkhomenko (2020)
and Gokan, Kichko and Thisse (2021) most closely. Gokan, Kichko & Thisse (2021) develop both
single-city and two-city models (where one city is more productive than the other) to study how
different intensities of telecommuting affect the spatial and social organization of cities. They find
that the size of the more productive city shrinks and that of the less productive city increases with
WFH, analogous to the findings from the productivity case in the current paper. Delventhal and
Parkhomenko (2020) (DP) and Delventhal, Kwon & Parkhomenko (2020) (DKP) study quantitative
spatial models of firm and worker location choices, in which some workers can substitute on-site

workplace effort with WFH based on factors related to commuting time and cost. In terms of how
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the work-force is divided, both DP and DKP consider telecommutable and non-telecommutable
workers, as in the current paper. Further, the general equilibrium model employed by DKP also
makes the residence choice dependent on wages, housing cost and amenities, similar to the current
model. However, unlike DKP, the current paper does not include idiosyncratic location preferences

and commuting time as endogenous factors.

The current model is also related to recent work by Davis, Ghent & Gregory (2021) and
Behrens, Kichko & Thisse (2021). Both of these papers develop stylized city models with office and
remote work to study the implications of greater WFH on the demand for floorspace, productivity,
income inequality, and city structure. They do so by dividing workers based on their skill-levels
and then connecting skill-levels of workers to their ability to telecommute, as in Gokan, Kichko &
Thisse (2021). The current paper draws upon the same remote versus non-remote distinction across
workers, but in a simpler framework that does not include workers’ skill levels. The current model
is also related to the monocentric city models of WFH employed by Safirova (2002) and Davis,
Ghent & Gregory (2021). Safirova (2002) considers a closed general equilibrium model where land
is allocated to production, housing, and roads to study effects of WFH on the urban economy and
land use pattern. Davis, Ghent & Gregory (2021) study the impact of WFH using an equilibrium
model where people choose where to live, how to allocate their time between remote and non-remote
work, and how much space to use in production. A key parameter in both their analyses is the
elasticity of substitution in production between office-workers and telecommuters. Aligning with
their approach, the current paper also incorporates imperfect substitution between worker types

via complementarity in the production function.?

The rest of the paper proceeds as follows. Section 2.2 presents a general version of the model
without imposing functional forms, culminating in the presentation of equilibrium conditions with
and without WFH. Section 2.3 introduces explicit functional forms and derives closed-from equi-
librium solutions. The analysis in section 2.4 then derives the changes in populations, employment

levels, housing prices, wages and welfare levels in the two cities under WFH. Finally, section 2.5

4For empirical studies on WFH, see Althoff et, al. (2021), Bartik et al. (2020), Bloom et al. (2020), Bloom
& Ramani (2021), Brueckner et al. (2021), Brynjolfsson et al. (2020), Gupta et al. (2021) and Stanton &
Tiwari (2021).
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presents comparative analysis, showing how the magnitudes of the changes under WFH depend on
parameter values. Section 2.6 presents conclusions. Derivations of the key results are provided in

the appendix.

2.2 Theoretical Framework

The model has two cities, denoted s (San Francisco) and d (Detroit), with equal fixed land areas,
and two types of workers, denoted type 1 and type 2, which differ in their ability to work from home.
Type 1 workers are remote workers who can live and work in different cities with the introduction
of WFH, and type 2 workers are non-remote workers who always live in the same city where they

work.

The employment of type i workers in city j is given by L;;, while the population of type
i workers in city j is given by N;;. Assuming that all residents in both cities of both types are

employed, the following relations give total population and employment levels by city and worker

type:5
W]:Nlj-i-Ngj, j=s,d (21)
Lj=1Lij+ Ly, j=s,d (2.2)
N; = Njs+ Nig, i=1,2 (2.3)
Li=Lis+ Ly, i=12 (2.4)
Ni=L. i=12 (2.5)
2
ON=2L=> > Nij=Ni+N=N,+N, (2.6)
i=1 j=s,d

Equations (1) and (2) give total city population and employment in terms of worker-type

SEquations (1)-(6) involve a slight abuse of notation, adopted for simplicity. In particular, N refers to
both total population of a city and total population of a worker-type, with the distinction captured only by
whether the subscript is s or d versus 1 or 2. The same point applies to L.
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employment and population levels in the city. Equations (3) and (4) give total population and
employment by type of worker in terms of city-level employment and population for the type.
Equation (5) says that the total population of each type of worker is equal to the type’s total
employment. Across cities and worker types, the aggregate population (given by 2N) equals the

aggregate employment (given by 2L), as shown in equation (6).

Consumer utility in city j is given by the quasi-linear function u(e;;, ¢;, Aj) = A;+eij+v(q;),
where ¢; is housing (land) consumption and e;; is non-housing consumption. Note that amenities
and non-housing consumption units are chosen such that their linear utility coefficients are same

and equal to unity.

A worker’s wage depends on type and on city of residence, both of which may influence
productivity. The wage of a type-i worker in city j is given by w;;(L1j, L2j), with the employment
levels of both types affecting each type’s wage. Denoting the unit housing price in city j by pj,
the budget constraint for a type-i worker in city j may be written as e;; + p;jq; = wi;(L1j, Laj).

Consumer utility can then be expressed as

Aj + wij(L1j, Laj) + v(gy) — pjgy

City land areas are normalized at unity, which makes housing consumption the reciprocal of

the total population of the city, yielding

1 1

il Al

which implies that

= (5iw)
v(g;) =v
9 Nyj + Noj

The net housing utility is defined as H = v(g;) — pjgj, where p; = v'(g;) from the housing

51



first order condition. Hence, in terms of total city population, net housing utility can be written

1 1 1
H(Ny+ Noj) =0 [~ —v/< >< >
( 13 2]) <N1j—|-N2j> Nlj"'NZj N1j+N2j

Consumer utility in city 7 may be rewritten in terms of net housing utility as follows:

utilityij = Aj + w,-j(Llj, ng) + H(Nlj + NQj), 1=1,2, j=s,d (27)

2.2.1 Non-WFH Equlibrium

In the equilibrium without WFH, the consumer utility expression in (7) is equalized between the
two cities via migration of each type of worker. The non-WFH equilibrium condition for remote

(type 1) workers is then
As + wls(Llsa LQS) + H(le + NQS) = Ad + wld(L1d7 L2d) + H(Nld + N2d) (28)
The non-WFH equilibrium condition for non-remote (type 2) workers is

As + wQS(Lls; LQS) + H(le + NQS) = Ad + de(L1d7 L2d) + H(Nld + N2d) (29)

In the absence of WFH, both remote and non-remote workers have to reside in the city they

work in. Hence, employment equals the population of each type of worker in each city, yielding

Lls = le
L2S = N2s
Lig = Nig
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Log = Nog

Substituting for L;; in the wage functions, they become w;;(Ny;, Noj),i = 1,2,5 = s,d.
Modified city-d wage functions, obtained by substituting Nig4 = N; — Ny, and Nog = Ny — No, from

relation (4) into the wage functions in equations (8) and (9), are written as:

W1g (N1s, Nog) = wig (N1 — Nis, Na — Las)
Waq (N1, Nog) = waq (N1 — Nig, N2 — Na)

Also, a modified H function, obtained by replacing N1g + Nog = 2N — (Ny5 + Nos) from relation

(5) into the H functions on the RHS of equations (8) and (9), is written as

~

H(le + Ngs) = H(ZN — (N15 + st))

Using the modified wage and H functions (so as to remove city d’s employment or populations
from equations (8) and (9)), the non-WFH equilibrium conditions for remote and non-remote

workers, respectively, are

Ay + wi5(Nis, Nog) + H(Nis + Nog) = Ag + 01g(Nis, Nag) + H(Nys + Nay) (2.10)
As + w2s(N157 N2s) + H(le + N2s) = Ad + @(lea NQS) + ﬁ(le + NQS) (211)

Solving equations (10) and (11) simultaneously then yields Ny, (8, As, Ag, N1) and N3, (8, As, Ag, N2)
as the non-WFH equilibrium population/employment of remote and non-remote workers, respec-
tively in city s. Using (3), the city d counterparts are N7,(d, As, Ag, N1) and N3, (8, As, Ag, No)

In these expressions, § is a vector capturing productivity effects specific to types and cities.
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2.2.2 WFH Equlibrium

In the equilibrium with WFH, since type-1 workers can work from home, they no longer need to
reside in the city they are working in. Hence, while type-2 employment equals the population of
type-2 workers in each city, s and d may now have unequal employment and population levels for

type-1 workers, yielding

Lls 7é le
LQS = N2S

Lig # Niq

Log = Nog

The WFH equal-utility condition for remote (type 1) workers is analogous to equation (10)
from the non-WFH equilibrium model, with the same modified wage and H functions, but now

without employment-population equalization for remote workers. It is written

As + wls(Llsa NZS) + H(le + N2s) = Ad + '(/Ul\d(lea NQd) + ﬁ(le + NQS) (212)

where L, replaces Nis and Lq4 replaces Nyg.

Under WFH, remote workers can migrate across cities while also working at a job in the
city they do not live in. In equilibrium, indifference between work locations must hold, implying

equalization of wages for type-1 workers across cities, yielding

wis(L1s, Nog) = wiq(L1d, Nag)

Using the modified wage-function formulation as before, remote worker wage equalization across
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cities implies

w1s(L1s, Nas) = wiq(L1s, Nas) (2.13)
Substituting this wage-equalization condition into (12), the equilibrium condition reduces to

Ag + H(Nys + Nayg) = Ag+ H(Nys + No), (2.14)

with wages dropping out.

On the other hand, the WFH equilibrium condition for non-remote (type 2) workers is anal-
ogous to equation (11) from the non-WFH model with the same modified wage and H functions,

but now without the employment-population equalization for remote workers. It is written

Ag + wags(Lis, Nas) + H(Nis + Nog) = A1q + waq(L1s, Nos) + ﬁ(le + Nag) (2.15)

Solving equations (13)-(15) simultaneously then yields ]f\f\l/s(& Ag, Ag, N1) as the WFH equilib-
rium population of remote workers, ]f\[\QJS (8, As, Aq, N2) as the WFH equilibrium population /employment
of non-remote workers, and fl/s (0, As, Ag, L1) as the WFH equilibrium employment of remote work-
ers in city s. Using (3) and (4), the city d counterparts are ]/\7\1;(5, Ag, Ag, N1), J/V\Q;((S, Ag, Ag, No)

and Lyg (6, Ay, Ag, L1).

Another more remarkable implication of the equilibrium conditions concerns type-2 wages.
While type-1 wages are equalized across cities under WFH, the equilibrium conditions imply that
the same conclusion applies to type-2 wages, which are also equalized. This conclusion follows
because using (14), the non-wage terms in the equilibrium condition (15) then cancel, so that the
condition yields wage equality. Thus, while the ability to work remotely implies indifference across
worksites (and hence equal wages) for type-1 workers, this condition in conjunction with utility-
equalization for type-2 workers (via (15)) requires that type-2 wages must also be equalized even

though indifference across worksites is not an original equilibrium condition for these workers.
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2.3 Explicit Functional Forms

In this section, explicit functional forms for wages and utility from housing consumption are intro-

duced. In order to derive the wage function, the following production function is assumed:

F(Llj, sz) = alelj - L%j + CLQLQJ' — ng + CLleQj, j =S, d

where ¢ is a parameter capturing the degree of complementarity across worker types. The type-1
productivity parameters a1s and aiq satisfy ais > a4, indicating higher productivity in city s,

while type-2 productivity (captured by as) is the same across cities.

Normalizing the output price to 1, the wage functions® are

oF
wlj(Llj, ng) = 87111 = a1 — 2L1j + CLQj
oF
wa; (L, Laj) = Ly az — 2Lgj + cLq;
Hence,
wis(Lis, Los) = a1s — 2L15 + cLas (2.16)
was(Lis, Los) = agz — 2Las + cLys (2.17)

wia(L1d, Log) = arg — 2L14 + cLog = a1q — 2(L1 — L1s) + ¢(La — Lag) = wia(Las, Las)
(2.18)

wad(L1dy Loa) = ag — 2Log + cLig = asq — 2(La — Las) + ¢(L1 — L1s) = Waa(L1s, Las)
(2.19)

6Parametric restrictions required for positive wages, involving «, 3, a;j, (i, j) and ¢, are assumed to hold.
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The responses of wages with respect to employment levels are as follows:

Owj(Laj, Loj) _ Owaj(Laj Loj) o o Owii(lag, Loj) _ Owa;(Laj, Loj)

; = 0
L1 OLa; OLa; L1 ¢

Thus, wages decrease with own employment and rise with employment of the other type.

The utility from housing consumption is assumed to take the following functional form:

/U(q]):a_i’ j:S7d)
4j

where a, ( are positive (note that S is otherwise unrestricted in magnitude). This assumption
implies p; = v'(q;) = B/ q]2. from the first order condition for housing consumption, yielding p;q; =

B/q;. Consequently, net housing utility is v(g;) — pjg; = o — 25/g;.

Since ¢; = m (due to city land areas being normalized to unity), it follows that
_B_ 2 _
Pi= = B(N1j + Naj)” = p(N1j + Noj)
J

H(Nlj + Ngj) = — Qﬁ(Nlj + N2j)7

noting that p;q; = B(N1; + Naj). Hence,

H(Nys + Nog) = a — 28(Nys + Noy) (2.20)

H(Nig+ Nag) = @ — 28(N1g + Nog) = a — 2B(2N — (Nig + Nag)) = H(Nis + Nog)  (2.21)

Also, p(Nlj +N2j) = ﬁ(Nlj-f-Ngj)Q implies that p,(Nlj-f-Ngj) = 25(N1] +N2j) >0, j=s,d.
Hence, under the specific functional forms used in this model, housing prices and the population

of a city are positively related, a conclusion that will hold more generally.
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2.3.1 Closed-Form Equilibrium Solutions

This section presents first the non-WFH and then the WFH equilibrium solutions for employment,
population and wages of each type of worker in each city, based on the functional forms described

in the previous section.

Non-WFH Equilibrium Outcomes
Without WFH, L;; = N;; Vi = 1,2, = s,d. Using this employment-population equality, substi-

tuting the wage functions from equations (16) and (18) along with the net housing utility functions

from equations (20)-(21) into the remote worker non-WFH equilibrium condition (10) yields

As +ais — 2le +CN2s + o — QB(le +N2s)

= Ag+ arg — 2(N1 — Nis) + ¢(Na — Nog) + a — 2B8(2N — (Nys + Nog))  (2.22)

For non-remote workers, using the same employment-population equality and substituting the
wage functions from equations (17) and (19) and the net housing utility functions from equations

(20)-(21) into the non-remote worker non-WFH equilibrium condition from equation (11) yields

As + ags — 2N25 +CN15 +a— 2B(le + N2s)

= Ad + a2q — 2(@ — NQS) =+ C(VQ — le) + o — QB(QN — (le =+ NQS)) (223)

Solving (22) and (23) simultaneously yields (see the online appendix)
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As - Ad (als - ald)(l + 6) E

Ny, = 2.24
572048 —c+2) " (4B —c+2)(c+2) 2 (2.24)
As— A - -2 Ny
NE = s — Ad (a1s —a1a)(c —28) | Na (2.25)
24 —c+2) 24 —c+2)(c+2) 2
From equations (24) and (25), the total equilibrium population in city s without WFH is
A —A _
Ny, + N3y =N+ =1 M — Qd (2.26)

4B—c+2  24B—c+2)

Note that when city s has neither a type-1-productivity advantage (a1s = a14) nor an amenity

advantage (As = Aq), Njs = g and Nj, = % Consequently, using (3), Nj;, = g and N3, = 22,
Hence, as intuition suggests, in absence of an amenity or productivity advantage, remote and

non-remote workers distribute themselves equally across the two cities.

At this point, a parameter restriction must be imposed to generate further results. In partic-
ular, the complementarity parameter, ¢, is assumed to be small, in which case ¢ < min{2,28} holds
along with 48 —c+2 > 0. Without this assumption, few results comparing the WFH and non-WFH
equilibria can be derived. With the denominator expression in equation (24) positive under this

assumption, it follows that when city s has either a productivity advantage (when a5 > aq4) or an

amenity advantage (when A, > Ag), N, > % and consequently, N}, < % Thus, in the absence
of WFH, more than half the total remote workers live and work in city s when it offers either higher

productivity or higher amenities.

Focusing on type-2 workers and using (25), when city s lacks a productivity advantage (when

a1s = a14) but has an amenity advantage (when Ag > Ag), N, > % and consequently, N, < %
Thus, more than half of the type-2 population lives and works in city s. Conversely, when city s has
a productivity advantage but no amenity advantage, c—28 < 0 implies N5, < % and consequently,

Ny, > g, so that more than half of non-remote workers lives and works in city d. Therefore, while

an amenity advantage draws both workers to city s, a productivity advantage draws remote worker
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types to city s and non-remote workers to city d. The previous comparisons are summarized in the

left panel of Table 2.1.

Finally, when city s offers either a productivity advantage or an amenity advantage, (26)
implies Ny + N3, > N, so that more than half of the total population lives and works in city s in
the absence of WFH, as city s has some sort of advantage to provide. Note that this conclusion
holds despite the opposing effects of a productivity advantage on type-1 and type-2 populations.

Because of these population differences, housing prices are higher in city s than in city d, with

Py >y

The wages earned by the two types of workers in city s in the non-WFH equilibrium are given

wls(Niksa N2*s) = a1s — 2Niks + CNZ*S

N (A—A)2-c)  @B+2-dau+ (68+2—ar, D
T2 YT 2B — e+ 2) 2048 — ¢ +2)
wss (N7 N§,) = as — 2N, oNf, = N - e = A2 =) | Blans — )y

2 2(48 — ¢+ 2) (48 —c+2)

The corresponding wage expressions for city d are listed in the online appendix.”

WFH Equilibrium Outcomes

When the option of WFH exists for remote (type 1) workers, they no longer need to be employed
in the same city they reside in, eliminating the employment-population equality for remote workers
and yielding Li; # Nij, j = s,d. Non-remote workers however, still must reside in the same

city they work in, yielding Loj = Ny; Vj = s,d. Thus, using the employment-population equality

"To save space, wage comparisons across cities are not presented.
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only for remote-workers and substituting the wage functions from equations (16) and (18) into the

remote worker wage-equalization condition from equation (13), the condition becomes

a1s — 2L1s + ¢Nos = a1q — 2(L1 — L) + ¢(No — No) (29)

Using the net housing utility functions from equations (20)-(21) in the remote-worker WFH

equilibrium condition (14), that condition becomes

As + a —28(Nis + Nag) = Ag+ o — 28(2N — (Nis + Nog)) (30)

For non-remote workers, substituting the wage functions from equations (17) and (19) and the
net housing utility functions from equations (20)-(22) into the non-remote worker WFH equilibrium

condition from equation (15) yields

As +as — 2N23 + CLls + o — 2B(le + N2s)

= Ag+az — 2(Ng — Nag) + (L1 — L1s) + o — 2B(2N — (N5 + Nag))  (31)

Solving equations (29)-(31) simultaneously (see the online appendix) yields the WFH equi-

librium population of remote workers in city s, which is given by

C(As— Ay das—aq) | Ni
M= = " gurg T 2 (32)

along with the WFH equilibrium employment of remote workers in city s,

a1s — a4 Ny
ligé=—"""———"—+— 33
BT RrgR-0 2 (33)
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and the WFH equilibrium employment/population of non-remote workers in city s,

Ny = g i)y 2 (34)

Note that since ¢ < min{2,28}, the denominator expressions in (32)-(34) are positive.

Rearranging (30), the total population in city s under the WFH equilibrium is given by

A, — A —
le‘Fst:sled‘FN (35)

Using (33) and (34), total employment in city s under WFH equals

0/18 - a/ld + N (36)

L Ny =

When city s has neither a productivity advantage (a;s = ay4) nor amenity advantage (As =

Ag), ]Vl/s = fl; = % and ﬁg/s = % Consequently, using (3), ]71(/1 = ZE = @ and @ = %
Hence, as intuition suggests, in absence of amenity or productivity advantages, remote and non-

remote workers distribute themselves equally across the two cities even when remote workers have

the ability to work from home.

When city s has a productivity advantage (a1s > a14) but lacks an amenity advantage

(As = Ay), ﬁl/s < % from (32), and consequently, Ni4 > g, so that less than half of remote
workers lives in city s. However, when city s offers an amenity advantage, but lacks a productivity
advantage, Nwls > g and consequently, ]Vl/d < g, so that more than half of remote workers lives

in city s.

From (35), the opposing effects of a productivity advantage on type-1 and type-2 populations
exactly cancel, so that the population of city s is independent of the advantage and equal to N
(half the grand total). However, the population of city s exceeds N when it has amenity advantage,
reflecting its larger share of the type-1 population. As a result, housing prices are higher in city s

(ps > pa), although prices are equal in the productivity case. These results are summarized in the
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right panel of Table 2.1.

Turning to type-2 workers, when city s has a productivity advantage, but no amenity ad-
vantage, (34) yields N;S > @ and consequently, N;:i < g, so that more than half of non-remote
workers lives and works in city s, reversing the non-WFH pattern. However, when city s lacks a
productivity advantage, but has an amenity advantage, (34) yields ]/V\Q; = ]7221 = %, so that half

the type-2 population lives and works in city s. In other words, non-remote workers distribute

themselves equally across the two cities when city s offers an amenity advantage.

Turning to type-1 employment levels, when city s offers a productivity advantage but no
amenity advantage, (33) yields fl_; > g and consequently, fl_(; < g, so that more than half
of remote workers works in city s. However, when city s offers an amenity advantage but no
productivity advantage, (33) yields Ly = fl/d = g, so that remote worker employment is equal

across the two cities.

When city s only has a productivity advantage, comparing the remote worker population
(from (32)) and employment (from (33)) after the introduction of WFH yields Lis > Ny, and
consequently, EE < JE- Thus, only a portion of the remote workers employed in city s also
resides in city s, and since population equals employment for type-2 workers, total employment
exceeds population, as seen in (35) and (36). This result is also consistent with BKL, who show
that population falls short of employment in city s following the introduction of WFH in the
productivity case. On the other hand, when city s only has an amenity advantage, comparing
the remote worker population (from (32)) and employment (from (33)) yields L1, < Nps and
consequently, f;d > ]/VTd Thus, only a fraction of the remote workers living in city s also works
in city s, implying that total employment falls short of population (as seen in (35)-(36)). This
result is consistent with BKL, where employment falls short of population in city s following the

introduction of WFH in the amenity case.

The wages earned by the original residents of city s and city d in the WFH equilibrium are
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given by

Ny
alS ;ald 622 o Nl (37)

wls(a;a Nog) = wld(m,@) =

. S Ny

was(L1s, Nos) = waq(L14, Na2g) = az + 5 Na (38)
Note that while wage equalization for type-1 workers is an equilibrium condition, (38) implies that
wages also end up being equalized for type-2 workers, a striking conclusion, in both the amenity

and productivity cases

2.4 Population, Employment, Rent and Welfare Changes

under WFH

This section outlines the changes in population, employment levels, rent and welfare for each type
of worker in each of the cities with the introduction of WFH. If city s is assumed to have a
dual advantage, better amenities as well as higher productivity, many comparisons are ambiguous,
as in BKL. However, assuming that city s offers only a single advantage, either in amenities or
productivity, unambiguous comparisons can be made. The details of the comparisons are presented

in the online appendix.

2.4.1 City s offers higher productivity to remote workers

This subsection assumes that a1s > a4, but A; = A;. Comparing the remote-worker equilibrium
populations before WFH existed (using (24)) and after WFH is introduced (using (32)) yields

ﬁl; < Ny, and consequently, using equation (3), ]71:1 > Ny,;. Thus, remote workers relocate their
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residences from city s to city d with the introduction of WFH.

Comparing the non-remote worker equilibrium populations before the introduction of WFH
(using (25)) and after WFH is introduced (using (34)) yields Na, > N3, and consequently, Nag <
Nj,;. Thus, some non-remote workers relocate from city d to city s when WEFH becomes possible

for remote workers, reversing the movement of type-1 workers.

Comparing the total populations before the introduction of WFH (using (26)) and after WFH

is introduced (using (35)) yields

Nis + Nog < Ni + N3, (39)

which implies ]/\7\1; + ]/\7\2; > Ny, + N;,; via (5). Thus, when offering a productivity advantage for
remote workers, city s records a reduction in total population after WFH is introduced, with the
loss of type-1 population more than offsetting the gain in type-2 population. The condition in (39)
is consistent with BKL, where city s is shown to contract when it has a productivity advantage,

with residents relocating to city d while keeping their city s jobs.

Comparing remote worker employment before introduction of WFH (using (24)) and after
WFH is introduced (using (33)) yields Lis > N7, implying Lig < N7, This result shows that the
introduction of WFH leads more remote workers to work in city s when it provides a productivity
advantage. Conversely, fewer remote workers are employed in city d after the introduction of WFH.
The reduction in type-1 employment in city d implies that some of the original type-1 residents of

city d work remotely in city s (along with the new arrivals) with the introduction of WFH.

Comparing total employment before introduction of WFH (using (26)) and after WFH is
introduced (using (36)) yields Lis + Nog > Ni, + Nj,, implying Lig+ Nog < N}, + Nj,;. Hence, as
more remote and non-remote workers work in city s after the introduction of WFH, city s records
an increase in total employment when it offers a productivity advantage. Conversely, fewer remote
workers are employed in city d after the introduction of WFH. These results are also consistent

with BKL, who show that total employment in city s (city d) rises (falls) following the introduction
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of WFH in the productivity case.

Recall that the rent and population in a city are positively related, as mentioned in section
2.4. Following the population comparison in (37), the positive relation between rent and population
yields p; < ps and consequently p}; > pg. This conclusion shows that with the introduction of WFH,
as people relocate from city s to city d, housing prices decrease in city s while they increase in city
d. This result is consistent with BKL, who show that housing prices rise in city d and fall in city s

following the migration of city s residents to city d.

Note that from the wage functions in (16) and (17), the wage of any type of worker is
negatively related to the employment level of that type and positively related to the employment
of the other type of worker. Comparing the wages of original remote workers of city s before WFH

existed (from (27)) and after WFH is introduced (from (37)) yields,

wis(Lis, Nas) < wis(Niy, N3,) (40)

Also, wage comparisons for city d yield wld(i\l;, ]/\7\2;) > wiq(Nyy, Niy). The effects of more remote
and non-remote workers simultaneously starting to work in city s after the introduction of WFH
should drive the change of wage in different directions, but since c¢ is small, it is the own-employment
change that dominates in determining the direction of the wage change. Thus, since remote em-
ployment increases, the original remote workers of city s earn lower wages under WFH, while the
original remote workers of city d earn higher wages under WFH. This conclusion is consistent with
its counterpart in BKL, where the original residents of city s, all of whom are remote workers, earn

lower wages while the original workers of city d earn higher wages with introduction of WFH.

Comparing the wages of original non-remote workers of city s before WFH existed (from

(28)) and after WFH is introduced (from (38)) yields,

w2s(LlsaN25) < wQS(Nfstgs) (41)
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Also, for city d, a similar comparison yields, wgd(m, ]v;d) > waq(N7y, Noy). While the effects of
more remote and non-remote workers simultaneously starting to work in city s after the introduction
of WFH should drive the change of wage in different directions, the small ¢ again means that the
own-employment change dominates in determining the direction of the wage change. Hence, since
non-remote employment rises, the original non-remote workers of city s earn lower wages under

WFH, while the original non-remote workers of city d earn higher wages.

Note that from equation (7), the utility or welfare of worker ¢ working in city j is given by the
sum of amenities in city j, A;, wages earned by worker type ¢, w;j(L1j, L2;), and the net housing
utility, & — 28(N1s + Nas) (from equation (20)). Computing and comparing the welfare of original

remote residents of city s before and after WFH is introduced, using (26), (27), (35) and (37) yields
As + wis(Lis, Nog) + o = 2B(N1s + Naog) = As + wns (N, N3,) + o = 2B(NY, + N3, ).

Thus, the welfare of the original remote workers of city s remains the same with the introduction
of WFH when city s offers a productivity advantage. The decrease in remote worker wages exactly
offsets the effects of the decrease in population on net housing utility, leaving the total welfare of
remote workers unchanged in city s. The same conclusion holds in city d given that utilities are

equalized.

Computing and comparing the welfare of original non-remote residents of city s before and

after WFH is introduced, using (26), (28), (35) and (38), yields
Ay +wsg(Lig, Nag) + 0 = 26(Nis + Nag) = Aq o wns (N, N3,) + o = 26(N, + N3, ).

Thus, the welfare of the original non-remote workers of city s too remains the same with the
introduction of WFH when city s offers a productivity advantage. The same conclusion holds in

city d given equalization of utilities.

Summarizing the changes in remote and non-remote worker populations, employment levels,
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wages, and welfare levels yields:®

Proposition 1: When city s only has a remote-worker productivity advantage, introduc-

tion of WFH has the following effects.

(i)
(i)

(iii)

(iv)

(v)

(vi)

(vii)

(viii)

Overall, when city s has a remote-worker productivity advantage, both BKL and the current
analysis show that the total population and housing prices fall (rise) in city s (city d) with the
introduction of WFH. The current analysis also shows that WFH leads to an increase (decrease) in
total employment in city s (city d), so that the population and employment within a city move in

opposite directions, as in BKL’s analysis. Employment of both type of workers moves in the same

Total population falls in city s and rises in city d.

Underlying these population changes are a decrease (increase) in the remote popula-

tion and an increase (decrease) in the non-remote population of city s (city d).
As a result of population changes, housing prices fall in city s and rise in city d.

Employment of both remote workers and non-remote workers rises in city s and falls
i city d, with the remote employment change implying that some original type-1

residents of city d now work remotely in city s.
Total employment rises in city s and falls in city d.

The employment of remote workers exceeds (falls short of ) their population in city s
(city d).
Both the original remote and non-remote workers of city s (city d) earn lower (higher)

wages with the introduction of WFH.

The welfare of both remote and non-remote workers remains unchanged with the in-

troduction of WFH.

8A second functional form for production involving higher substitutability between type-1 and type-2
workers may be introduced as follows F'(L1;, Loj) = a;(L1; + Laj) — b(L1; +L2j)2 +cLijLy; , j=s,d where
¢ is still assumed to be small. Redoing the entire analysis assuming this functional form yields similar results
to those presented below, with only minute changes compared to the previous functional form. Explanations

of the results corresponding the new functional form are available on request.
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direction as total employment, with remote employment exceeding (falling short of) the remote
worker population in city s (city d). Thus, the results on total and remote employment match
those in BKL. In addition, the wages of the original remote as well as non-remote workers fall
(increase) in city s (city d) with the introduction of WFH. The same conclusion holds in BKL
with respect to the wages of all (remote) workers. Also, the increase (decrease) in remote worker
employment in city s (city d) implies that some original city d residents are now working remotely
in city s, along with the new type-1 residents. Notably, even though the total and remote-worker
population in the current analysis decreases (increases) in city s (city d), hence matching BKL’s
conclusion for all workers, non-remote workers conversely record an increase (decrease) in their
population in city s (city d). Interestingly, the opposite population changes of remote and non-
remote workers is one case where the spirit of BKL’s conclusions does not translate to the current
model. Another difference concerns welfare effects. Mainly because BKL did not impose specific
functional forms, the welfare change of the single worker type in their analysis was ambiguous. The

current finding of no welfare effects for either type of worker stands in contrast to BKL’s conclusion.

2.4.2 City s offers better amenities to all residents

This subsection assumes that a1; = a4, but A; > Ay. Comparing the remote worker equilibrium
populations before WFH existed (using (24)) and after WFH is introduced (using equation (32))
yields N}; > N7, and consequently, J/\f\;j < Ny;. Thus, when the advantage of city s comes from
better amenities, remote workers relocate their residences from city d to city s with the introduction

of WFH.

Comparing the non-remote worker equilibrium populations before WFH (using (25)) and
after WFH is introduced (using (34)) yields Nas < N;, and consequently, Nayg > N3,;. Thus, some
non-remote workers relocate from city s to city d when WFH is introduced, reversing the movement

of remote workers.

Comparing the total population before introduction of WFH (using (26)) and after WFH is
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introduced (using (35)) yields

Nig + Nog > Ni, + Ni., (42)

with the increase in type-1 population offsetting the decrease in type-2 population. Consequently,
equation (5) yields ]Vfd + ]V;d < Ny, + N3,. These results show that city s records an increase
in total population after WFH is introduced, a conclusion consistent with BKL, where city s is
shown to grow under WFH when it has an amenity advantage, with residents relocating from city
d. Intuitively, since the amenity advantage comes from residing in city s, more people in total

choose to live in city s rather than in city d.

Comparing remote worker employment before WFH (using (24)) and after WFH is introduced
(using (33)) yields Lis < N7, implying Lig > N7,;. Thus, fewer remote workers work in city s
after the introduction of WFH when city s provides an amenity advantage. This conclusion follows
because the better amenities of city s are enjoyed by workers residing, not necessarily working in

city s. Conversely, more remote workers are employed in city d after the introduction of WFH.

Comparing total employment before WFH (using (26)) and after WFH is introduced (using
(36)) yields, Lis + Nag < Ni, + N3, along with Lig + Nag > Nj, + N3, Thus, when offering an
amenity advantage, city s records a reduction in total employment after WFH is introduced. The
reduction in type-1 employment in city s implies that some original type-1 residents of city s work
remotely in city d with the introduction of WFH (along with the new type-1 residents). Although
the total population increases in city s due to its amenity advantage once WFH is introduced,
some people live in city s to enjoy its amenities while working remotely in city d. This result is
also consistent with BKL, who show that total employment in city s (city d) falls (rises) following

the introduction of WFH.

Recalling that housing prices and population are positively related, the population comparison
in equation (37) yields p; > p} and consequently pg < pjj. Thus, with the introduction of WFH, as
more people relocate from city d to city s, housing prices increase in city s while they decrease in

city d. This result is consistent with BKL, who show that housing prices rise in city s and fall in
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city d following the migration of city d residents to city s.

Comparing the wages of original remote workers of city s before WFH (from (27)) and after

WFH is introduced (from (37)) yields

wls(LlsaNQS) > wlS(Nfstgs) (43)

Also, for city d, wage comparisons yield, wld(fl/d, ]/ifg-:i) < wiqg(Nyy, Noy). Given the properties of the
wage function, the effects of fewer remote and non-remote workers simultaneously starting to work
in city s after the introduction of WFH should drive the change of wage in different directions.
However, since c¢ is small, it is the own-employment change that dominates in determining the
direction of the wage change. Hence, since the remote employment falls, the original remote workers
of city s earn higher wages while the original remote workers of city d earn lower wages. This
conclusion is consistent with the analogous result in BKL, who show that when city s has an
amenity advantage, its original residents, all of whom are remote workers, earn higher wages while

the original workers of city d earn lower wages with the introduction of WFH.

Comparing the wages of original non-remote workers of city s before (from (28)) and after

WFH is introduced (from (38)) yields,

was(L1s, Nag) > was(Niy, N3,) (44)

Also, for city d, the wage comparison yields wld(f;d, ]/V\;d) < wiq(Nyy N3y). As before, the own-
employment change dominates in determining the direction of the wage change. Hence, since
non-remote employment falls, the original non-remote workers of city s earn higher wages while the

original non-remote workers of city d earn lower wages.

Computing and comparing the welfare of original remote residents of city s before and after
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WFH is introduced using (26), (27), (35) and (37), yields
As + w1s(Lis, Nos) + o = 2B(N1s + Nas) = As + wis(Nfy, N3,) + o = 2B(NY, + N3,)

showing that the welfare of the original remote workers of city s remains the same with the intro-
duction of WFH when city s offers an amenity advantage. The increase in remote worker wages
exactly offsets the effects of increase in population on net housing utility, leaving the total welfare
of remote workers unchanged in city s, and the same conclusion holds in city d given equalization

of utilities.

Computing and comparing the welfare of original non-remote residents of city s before and

after WFH is introduced, using equations (41) and (43), yields
As + wa(Lig, Nas) + @ = 28(Nig + Nag) = As + wns(Niy, N3,) + o — 28(NF, + N3,).

Thus, the welfare of the original non-remote workers of city s too remains the same with the

introduction of WFH when city s offers an amenity advantage.

Summarizing yields:

Proposition 2: When city s only has an amenity advantage, introduction of WFH has

the following effects.

(i) Total population rises in city s and falls in city d.

(ii) Underlying these population changes are an increase (decrease) in the remote popu-

lation and a decrease (increase) in non-remote population of city s (city d).
(iii) As a result of population changes, housing prices rise in city s and fall in city d.

(iv) Employment of both remote and non-remote workers falls in city s and rises in city
d, with the remote employment change implying that some original type-1 residents

of city s now work remotely in city d

(v) Total employment falls in city s and rises in city d.
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(vi) The employment of remote workers falls short of (exceeds) their population in city s
(city d).
(vii) Both the original remote and non-remote workers of city s (city d) earn higher (lower)

wages with the introduction of WFH.

(viii) The welfare of both remote and non-remote workers remains unchanged with the in-

troduction of WFH.

Overall, when city s has an amenity advantage, both BKL and the current analysis show that
the total population and housing prices rise (fall) in city s (city d) with the introduction of WFH.
The current analysis also shows that WFH leads to an decrease (increase) in total employment in
city s (city d), so that the population and employment within a city move in opposite directions,
as in BKL’s analysis. Employment of both types of workers moves in the same direction as total
employment, with remote employment falling short of (exceeding) the remote worker population
in city s (city d). Thus, the results on total and remote employment match those in BKL. In
addition, the wages of the original remote as well as non-remote workers increase (decrease) in
city s (city d), with the introduction of WFH. The same conclusion holds in BKL with respect
to wages of all (remote) workers. The decrease (increase) in remote worker employment in city s
(city d) implies that some original city s residents are now working remotely in city d, along with
the city’s new type-1 residents. Notably, even though the total and remote-worker population in
the current analysis increase (decrease) in city s (city d), hence matching BKL’s conclusion for all
workers, non-remote workers conversely record a decrease (increase) in their population in city s
(city d). The opposite population changes of remote and non-remote workers is one outcome where
the spirit of BKL’s conclusions does not translate to the current model, as in the productivity
case. The current finding of no welfare effects for either type of worker stands in contrast to BKL’s

ambiguous conclusion, as before.
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2.5 Comparative Statics

While the previous results involved comparisons of the levels of the variables, with and without
WEFH, this section carries out comparative static analysis, showing how the magnitudes of the

changes in the endogenous variables depend on the sizes of the parameters.

When city s provides only a remote worker productivity advantage:

Assuming a1; > ayg, but A; = Ay and computing the partial derivative of the difference
between pre-WFH and post-WFH population levels in the cities with respect to the difference in

productivities between the two cities, the following results emerge:

—

5(N2*d - NQd)
d(ais — aiq)

d(Niq — NY)

O(N3, — Nis) d(Nos — N3,
>0 d(a1s — ai1q)

7 >0
8((115 — ald) a(als - ald)

>0, >0,

Thus, the higher is the remote-worker productivity advantage in city s, the higher is the remote
worker population difference in each city before and after WFH is introduced and the higher is the

non-remote worker population difference as well.

Computing the partial derivative of the difference between pre-WFH and post-WFH remote
worker employment levels in the cities with respect to the difference in productivities between the

two cities, the following results emerge:

OLrs~ Niy) o ONiy— Lua)

, >0
6(@13 — ald) 8(als - ald)

Thus, the higher is the remote worker productivity advantage in city s, the higher is the increase
in type-1 worker employment in city s after WFH is introduced and the larger is the drop in type-1

worker employment in city d.
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Analysing the comparative statics with respect to complementarity between worker types

yields:

ON1a = Nig) _  O(N3y— Nog)
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>0,

Thus, the response of the remote as well as non-remote worker population difference to the degree
of complementarity between worker types is positive in both cities. In other words, the higher the
complementarity between worker types, the higher is the difference between pre-WFH and post-
WFH population of remote workers and non-remote workers in city s and city d. Intuitively, when
city s has a productivity advantage, both remote and non-remote workers respond more (in terms
of cross-city migration) to the introduction of WFH as the complementarity between worker types

increases.

Computing the partial derivative of the difference between pre-WFH and post-WFH remote
worker employment levels in the cities with respect to the degree of complementarity between
worker types, the following results emerge:

ONi, —Lus) _  O(Lia = Niy)
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Thus, the change in type-1 employment in both cities responds positively to an increase in comple-

mentarity between worker types.

When city s provides only an amenity advantage:

Assuming a5 = aigq, but As > Ay and computing the partial derivative of the difference
between pre-WFH and post-WFH population levels in the cities with respect to the difference in

amenities between the two cities for each type of worker, the following results emerge:
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Thus, the higher is the amenity advantage in city s, the higher is the population change for both

remote and non-remote workers in each city when WFH is introduced.

Computing the partial derivative of the difference between pre-WFH and post-WFH remote
worker employment levels in the cities with respect to the difference in amenities between the two

cities, the following results emerge:
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Thus, the higher is the amenity advantage in city s, the higher is the drop in remote worker
employment in city s and the higher is the rise in remote worker employment in city d after WFH

is introduced.

Analysing the comparative statics with respect complementarity between worker types yields:
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The response of the remote worker population difference to the degree of complementarity between
worker types is negative in both cities. In other words, the higher the complementarity between
worker types, the lower is the difference between the pre-WFH and post-WFH populations of
remote workers in city s and city d. The response of the non-remote worker populations, on the
other hand, is positive in both cities. Intuitively, when city s has an amenity advantage, remote
workers respond less while non-remote workers respond more (in terms of cross-city migration), to

the introduction of WFH as the complementarity between worker types increases.

Computing the partial derivative of the difference between pre-WFH and post-WFH remote

worker employment levels in the cities with respect to the degree of complementarity between
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worker types,the following results emerge:
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Thus, when city s has a higher amenity advantage, the change in remote employment in either city

does not respond to the complementarity between worker types.

2.6 Conclusion

This paper uses a theoretical framework to predict the impact of the introduction of WFH in a
model with two different types of workers, one able to work remotely and one not. As intuition
suggests, the current paper concludes that a productivity advantage attracts residents to work in
the city while an amenity advantage attracts people to reside in the city. When one city provides
a productivity advantage to remote workers, that city (the other city) records a rise (fall) in total
employment, a fall (rise) in total population and housing prices and has remote employment that
exceeds (falls short of) remote population. When a city provides an amenity advantage to all its
residents, that city (the other city) records a fall (rise) in total employment, a rise (fall) in total
population and housing prices, and has remote employment that falls short of (exceeds) remote
population. Hence, WFH enables residents to relocate to the city with better amenities or lower

productivity, while starting to work remotely in the city with worse amenities or higher productivity.

Notably, the direction of movement of total and remote population as well as total and remote
employment summarized above matches the response of all (remote) workers in BKL. Recapturing
BKL’s conclusion, total and remote populations move in opposite directions to total and remote
employment in the current paper whenever any relocation occurs. However, contrary to intuition
and the previous results, the current paper shows that non-remote worker populations respond in
a fashion opposite to that of remote workers. A productivity advantage raises the population of

non-remote workers in a city, under WFH while an amenity advantage reduces their population.
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The opposite direction of movement of non-remote workers is a major deviation in the findings
of this paper from the spirit of BKL’s conclusions. Another deviation in the results from BKL lies
in the consumer welfare. The current paper uses explicit functional forms and concludes that the
welfare levels of both remote and non-remote workers remain unchanged with the introduction of
WEFH. The analogous welfare analysis was ambiguous in BKL although use of explicit functional

forms might have given a clear answer.

This paper has provided a contribution to the WFH literature by extending BKL’s analysis
of intercity effects. Intracity effects (suburban versus central city) are also important, but a more
complex hybrid model is needed to analyze the two types of effects simultaneously. While some of
the papers cited in the introduction provide such models, a sole focus of intercity effects is useful

since these effects will be part of the economy’s overall response to WFH.
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2.7 Table

Table 2.1: Intercity comparisons for both the non-WFH and WFH cases

Non-WFH WFH
City-s advantage: Productivity Amenity Productivity Amenity
City-s populations Ny, > ? N, > % Ny, < % Ny, > ;
NZ*S<¥ NQ*S>¥ ]AV2:>§ @:—;
N+ N, >N NL+NL>N Nig+ Nog =N Nig+ Nyy > N
Housing prices i >y i >y Ds = Dd Ds > Pa
Type-1 employment in city s Same as population LN] s > g > ZrV: IT s > % = Ny,
Type-2 employment in city s Same as population Same as population
Total employment in city s Same as population LNM + Jr\f\; > city s population H s+ ],V\; < city s population
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Chapter 3

Socio-Demographic Factors
Correlating with Police-Involved
Deaths: City-level Evidence from the
US

3.1 Introduction

Officer-involved deaths of civilians have been a matter of public concern and are widely discussed
to understand their social and economic roots. Apart from the negative societal connotations
of unexpected, untimely and harrowing demises of civilians (innocent or otherwise) caused by
police, officer-involved deaths have had an adverse impact on relationships between police and the
communities they serve, raising questions about the role the police play in protecting civilians.
In spite of multiple attempts by researchers to explore the factors associated factors with officer-
involved deaths, more work is still needed. Hence, the goal of this paper is to attempt to provide

further empirical evidence on these associated factors.
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The paper performs an empirical analysis relating officer-involved killings to city charac-
teristics. Although incidents of officer-involved fatalities are ideally considered as isolated, dis-
crete events, the increasing frequency of these incidents engenders questions regarding their socio-
demographic determinants. This research asks whether community characteristics measured at
a city level correlate with officer-involved deaths. If the city level attributes do matter, which
particular characteristics are important? Apart from analyzing how the racial makeup of a city
relates to the number of officer-involved deaths, this paper asks whether crime rates, population,
median income, police employment and other demographic features are correlated with the count of
officer-involved fatalities. Following Mas (2006),' the paper also uses information on union contract
clauses that might potentially impede the indictment of police involved in officer-involved deaths,

asking whether these contract clauses might impact the count of deaths in a city.

The analyses rely on a longitudinal panel data set (for roughly 800 cites) used in regression
analyses of the number of officer-involved deaths over the period 2000-2010, while also using a cross-
sectional dataset (involving around 5400 cities) where the numbers of deaths are summed over the
11 years of the panel data set. The cross-section dataset allows the inclusion of a substantial number
of additional cities, whose socio-demographic data is missing for the early 2000’s. Although this
dataset lacks the time dimension, it uses a larger quantity of data to explore whether the panel
results hold at a larger scale. The data include cities that have had no fatal encounters recorded over
the 11-year panel.? The paper’s officer-involved deaths data were collected by FatalEncounters.org.,
while most of the demographic data are from the Census Bureau. The crime and police employment

data are from the FBI’s data release.

Multivariate regressions using the constructed datasets are run with the annual number of
fatalities in a city as the dependent variable and a crime index, police employment, median income,
the Black population, the Hispanic population, the non-minority population (defined as the the non-

Black & non-Hispanic population), the city’s sex ratio and the political party affiliation (county

Mas (2006) finds evidence of a multitude of police behavior changes following a police union contract
arbitration win or loss. These behavioral changes are captured by changes in clearance rates, crime rates
and sentencing outcomes.

2The analysis later is run on data both including and excluding the group of cities that have recorded
zero deaths throughout the period.
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level for Presidential elections) as independent variables. Empirical specifications involve running
negative binomial regressions on both the panel and the cross-section data sets. State and year
fixed effects appear in the negative binomial regressions to account for time variation along with

unobserved city-level factors that may have remained fixed across states.

Using the panel data, the key findings show that officer-involved deaths increase with police
employment, the crime index and the sizes of the Black and the Hispanic populations while decreas-
ing with median income. These results are confirmed in the cross-section regressions that include
a larger number of cities, showing that the reported results are robust across the different formats
of the datasets used. Most of these results confirm expected directions of correlation between the

socio-demographic factors and the count of officer-involved deaths.

Also, using data on the police union contracts for a restricted set of large cities, additional
regressions show that contract features that could potentially hinder accusation of police officers
involved in officer-involved deaths are not correlated with the number of deaths from such incidents.
This analysis is similar to that of Dharmapala et al. (2020), although in the current case, data from

more large cities are analysed.

Officer-involved deaths have been discussed recently largely in the context of racial disparities
in overall policing (especially in traffic stops) and racial differences in the risk of officer-involved
deaths. Epp et al. (2017) claim that many of the controversial police shootings during 2014 and
2015 occurred during vehicle stops,® which involve disproportionate numbers of African-American
drivers, a majority of whom were innocent of any violation. Similarly, Legewie (2016) use quasi-
experimental data on pedestrian stops in New York City to conclude that racial bias in use-of-force
increased after fatal shootings of two police officers by a black suspect. Researchers have proposed
policy solutions to close the racial gap by exploring increased use of body-worn cameras by the
police (Ariel et al. (2015)) and implicit bias training (Spencer et al. (2016)). However, Ray
(2020) argues that while beneficial, these solutions do not address lack of accountability of the

police. Also, more recently, Knox et al. (2020) use administrative records to claim that traditional

3They discuss how police stops are one of the most recognizable institutional sources of racial profiling
by the police.
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analyses underestimate levels of racial bias in policing. Smith (2004) examines homicides by police
officers, testing organizational policies, racial threat* and community violence hypotheses and finds
that while number of police killings were unrelated to the first of the two factors, they were related
to racial threat and community violence. This literature on the racial disparities in policing lays
out the groundwork for why the size of Black population in a city is an important explanatory

variable when investigating factors correlated with the count of officer-involved deaths.

A majority of past studies that analyze how socio-demographic factors relate to officer-
involved deaths focus on singular factors that affect or are related to officer-involved deaths, like
the role of city-level police employment. Carmichael and Kent (2014) discuss how racial threat
and economic inequality work both independently and jointly to produce substantial shifts in the
size of police forces. Smith (2003) examines how the composition of the police force in large cities
influences police-caused homicides. Kent and Jacobs (2005) use a fixed-effects panel design to de-
tect nonlinear and interactive relationships between minority presence and the per capita number
of police in large U.S. cities. These studies relating police employment to police-involved deaths
prompts the inclusion of city-level police employment among explanatory factors in the present
paper.® Moreover, while a majority of studies have ignored the Hispanic population either among
victims or as a city-level factor, the focus of Holmes et al. (2018) and Carmichael and Kent (2014)
on this factor motivates the use of city-level Hispanic population in the current study. Jacobs and
O’Brien (1998) explore how police use of lethal force can be explained by political arrangements
or by social divisions that are likely to have political consequences, hence encouraging the cur-

rent study to incorporate city-level political party affiliation. The study on killing of felons® by

4The threat hypothesis, derived from the conflict theory of law, suggests that the use of force by police
is not evenly distributed among the population and that the state using coercive force to control those
segments of the population considered threatening to the existing social order. Inequality creates a sense
of injustice and anger in which the state’s use of violence is deemed necessary to control a racial and/or
economic underclass who are the most seriously affected by economic and social injustices.

5 Although a more nuanced police employment analysis (in similar lines to the studies mentioned above)
is beyond the scope of this paper, the appendix presents a rudimentary regression showing how city-level
factors correlate with the size of police-force in the current data set.

In this situational analysis, the authors use Supplemental Homicide Reports (SHR) to analyze 4,419
7killings of felons” by police officers during 1976-1988. Whereas many of the previous studies on the use
of deadly force by police officers included shootings and nonfatal woundings, the SHR data are limited to
instances in which the use of deadly force by a police officer resulted in the death of a felon, a small subset
of all deadly force episodes.
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Sorensen at al. (1993)7 suggests that economic inequality should be included in any macro-level
explanation of police-caused homicide, motivating the use of median income level in the current
study. Parker et al. (2005) examine relationships between police use of force and racial composition
and social disorganization of 73 large U.S. cities.® The current study, given its inclusion of the
Black population along with the data from smaller cities, is thus an improvement over Parker et
al. (2005), especially given Willits and Nowacki (2014)’s view on the importance of including small
city departments when studying the relationship between deadly force incidents and organizational
variables. In past empirical crime-related research, Lim and Galster (2009)? note that consideration
of certain neighborhood dynamics (like racial make-up) might be a more realistic approach to ana-
lyzing neighborhood responses to crime, inspiring the use of crime rates from a comparatively larger
number of cities in conjunction with other socio-demographic controls in the current paper. Hence,
the current paper employs factors from past studies and assembles them all in a cross-sectional and

panel analysis that spans simultaneously a larger number of cities and years than previous studies.

In use-of-force related research, authors like Fridell and Lim (2016) and Nix et al. (2016) use
logistic regressions owing to the categorical and dichotomous natures, respectively, of the dependent
variables they considered. It is important to note that the present paper treats the dependent
variable as a count, instead of a continuous variable, with a count-based regression design used
instead of a linear model. Studies in this literature using Poisson regression models include Willits
and Nowacki (2013), who consider the three-year sum of deadly force incidents for each city from
1999 to 2001 to examine the role of police organization on deadly force. They tabulate the sum
of deadly force incidents as a count variable, not transforming these values into rates, and then
proceed to use a Poisson regression model for the analysis. More recently, Goh (2020) claim that

while on average, over 1,000 police killings take place every year, on a departmental basis they

"Sorensen et al. (1993) discuss that a relationship exists between violent crime rates and felon killing, but
violent crime most often plays an intervening role between other social factors and the rate of felon killing.

8Parker et al. (2005) hypothesizes that macro-level patterns in police use of force are embedded in the
racial and structural composition of cities and the organizational climate of local politics and police depart-
ments.

9Lim and Galster (2009) develop a microeconomic model of year-to-year changes in crime rates that in-
corporates endogenous relationships between the recruitment of criminals and deterrent effects spawned by
responses of neighborhood residents and/or police in order to study the intertemporal dynamics of neigh-
bourhood crime.
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are rare, so that observed counts are small, making Poisson regression the most suitable method
for analysing the data. Fagan and Campbell (2020) also treat the number of police killings as the
dependent variable in a Poisson regression framework to assess effects of training curricula designed

to reduce police use of deadly force.

In the current paper, because of over-dispersion of the count variable (explained further
later), a negative binomial regression model is implemented. Nicholson-Crotty et al. (2017) argue
that their data too showed over-dispersion and were characterized by a significant number of zeros.
Examining fit statistics and assessing predicted versus actual probabilities, the authors argue that
the negative binomial model is best suited to empirically test the assumption that more black police
officers could reduce the number of police-involved killings of black citizens. Hemenway et al. (2019)
also use a negative binomial regression model to assess the role of firearm availability in variations
in rates of fatal police shootings. Other studies that use negative binomial regression are Holmes

at al. (2019), Smith (2004), Smith (2005), Willits (2014) and Osgood and Chambers (2006).1°

A common policy recommendation advanced by researchers in this area is the need for a
National Police Use of Force Database. Although the FBI through its Uniform Crime Report
has been keeping track of homicides, these incidents have been under-reported to a large extent,
according to the data collected by the Guardian, Washington Post and the Wall Street Journal.!!
Fryer (2018) argues that more and better data is key to drawing definitive conclusions on racial bias.
Edwards et al. (2019) also argue that the lack of basic data on the prevalence of police-involved
deaths makes research on this topic particularly difficult. Hence, a crucial need is data that records
and reports accurately the details of every officer-involved fatality. Omn this note, information
collected by Fatal Encounters (FE), a journalist-led effort to document deaths involving police

by relying on public records and news coverage, is recently being used in officer-related deaths

OWillits (2014) examines the relationship between police organizational structure and assaults on po-
lice officers in the USA and finds that organizational context and organizational complexity are important
predictors of violence against police officers. Osgood and Chambers (2006) explore structural correlates of
arrest rates for juvenile violence in 264 non-metropolitan counties of four states and use negative binomial
regression owing to the small number of arrests in many counties being ill suited to least-squares regression.

11 Analysis of data from 105 of the largest police agencies in the country shows that more than 550 police
killings between 2007 and 2012 were missing from the FBI’s records or, in a few dozen cases, not attributed
to the police department whose officers were involved.
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research, as in the present paper. As explained by Edwards et al. (2019), among the novel data
collection efforts, FE has the broadest temporal scope and inclusion criteria for police-involved
deaths. Despite certain complications with the datal?, Edwards et al. (2019) and Finch et al.
(2019) conclude that the FE data is still arguably one of the most reliable sources for research in
this area. For more papers that use FE, see Goh (2020), Jennings and Rubado (2017) and Edwards

et al. (2018).13

The rest of the paper proceeds as follows. Section 3.2 discussed the data, summarizing the
sources and details of the data used in the regressions that follow. Section 3.3 explains the empirical
strategy used in the empirical analysis. Section 4.3 presents the regression results while section 5

presents conclusions.

3.2 Data

This paper uses 3 datasets : dataset (A), dataset (B) and dataset (C). All the datasets have
the following variables: deaths, city crime index, number of full-time police employees, median
household income, Black population, Hispanic population, non-minority population, sex ratio and
political party affiliation. Details and differences between each of these datasets are explained

below: 14

Dataset (A): This dataset consists of longitudinal and cross sectional panel data. Time varies
from 2000 to 2010, and the cross-section is at the city level. A total of 898 cities is analyzed, among

which 574 cities had a positive number of officer-involved deaths in at least one of the sample years.

12In Edwards et al. (2019), the authors discuss the likeliness of negative bias in FE in the early 2000’s
(owing to dependence on media reports) and match the FE data with National Vital Statistics system
(NVSS) data to do their analyses.

13Goh (2020) uses FE to evaluate consent decrees and their effect on levels of use of force. Jennings and
Rubado (2017) also use FE data to collect number of officer-involved deaths for every 100,000 people in the
community served by a police department to determine the relationship between police agency policies and
rates of officer-involved gun deaths. So does Edwards et al. (2018) to estimate the risk of mortality from
police homicide by race/ethnicity and place in the United States.

14The datasets generated during and/or analysed during the current study are available from the corre-
sponding author on reasonable request.
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The rest of the 324 cities recorded zero deaths over the sample period (not appearing in the officer-
involved deaths database).!® The regression analyses are done on both the large set of 898 cities as
well as the sub-sample of 574 cities. Because of missing crime index and police employment data

from 2000-2004, both datasets are somewhat restrictive as cities lacking these data are dropped.

Dataset (B): This is a cross section dataset with the socio-demographic controls pertaining
to only the year 2010. The number of deaths corresponding to each city is added for all the years
over the 2000-2010 period. Since more socio-demographic data are available for the year 2010 than
for previous years, this dataset is much larger than dataset (A), with 2423 cities having a positive
number of officer-involved deaths in at least one of the years between 2000 and 2010. Another set
of 3216 cities recorded zero deaths between 2000 and 2010, again corresponding to cities not found
in the FE database. The regression analyses are done separately for samples with and without the

zero-death-cities.

Dataset (C): This is a cross-section and panel dataset and a proper subset of dataset (A)
covering the period 2000 to 2010. Two additional variables are introduced in this dataset quantify-
ing information on police union contracts for 36 of the largest cities in the country. The following

discussion provides a list of variables, their sources, units used and limitations.

Officer-involved fatalities is the dependent variable for most of the analysis in this paper. The
data are extracted from FatalEncounters.org.!6 As discussed by Edwards et al. (2019), FE has
more comprehensive data on police-involved deaths than do official mortality files, has a broader
scope than similar unofficial efforts to document deaths, and has been endorsed as a sound source

of data by the Bureau of Justice Statistics. FE relies on photographs and victim obituaries to

5 Edwards et al. (2019) posit that Fatal Encounters undercounts deaths due to unavailable online news
records of officer-involved deaths. They add that the under-counting likely decreased over time until approx-
imately 2007. This piece of evidence furnished through a transformed time series comparison of the Fatal
Encounters deaths to the NVSS deaths, is according to the authors, not definitive. However, in case it is,
it might not be accurate to assign zero deaths to cities that are not present in the Fatal Encounters data.
Hence it is acknowledged that the count of cities with positive deaths may be under-counted in dataset A
and B considering the concerns of Edwards et al. (2019).

I6Fatal Encounters documents non-police deaths that occur when police are present or are precipitated
by police action or presence. Officer vehicle-related deaths are included when they are caused by another
officer. Homicides of officers by felons or deaths in the regular course of duties are not generally documented
in the database.
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classify the race-ethnicity of victims. FE does not currently collect data on variables that may
be associated with variation in risk within racial/ethnic groups such as skin tone, multiracial
identity or social class. The data include nuanced details of every fatality caused by or in the
presence of the police, including exact locations, times, situational details and official dispositions,
for over 10 years. The FE database involves observations where the official disposition ranges from
‘vehicle/pursuit’, ‘accidental’, ‘suicide’ to ‘Officer indicted’, to ‘Officially unreported’. A limitation
regarding using such an extensive range of situations is an overly broad definition of use-of-force
instances. But, without delving deeply into the circumstantial details of every incident and devising
a comprehensive filtering process to know what is unlawful, it is difficult to segregate these fatal
occurrences. Hence, one should exercise caution in assuming that all the deaths counted here

resulted from unlawful use of force.

The unit of measurement of this variable is number of deaths in a city (for the 574 cities in
dataset(A) and 2423 cities in dataset (B)), in every year over the 2000-2010 period. This variable
is used in all the three datasets (A), (B) and (C). However, in dataset (A), the numbers for each
year are considered separately while in (B) and (C), the numbers of deaths are added over the years

2000-2010 for each city.

The crime index is an independent variable sourced from the Unified Crime Reporting Pro-
gram (UCR) of the FBI. It accumulates data collected from the different police departments,
measuring essentially the sum of violent and property crime, for every city for every year from
2000 to 2010 (used in dataset (A)). The numbers for the year 2010 are used in datasets (B) and
(C). Violent crime includes murder and non-negligent manslaughter, forcible rape, robbery and
aggravated assault. Property crimes include burglary, larceny-theft and motor vehicle theft. Some
cities with missing reports are dropped, and for observations with incomplete arson figures, arson
is dropped while calculating the total crime index. Since forcible rape figures in some cities were

not in accordance with the national UCR guideline, these cities were dropped from the dataset.

Full time police employment is treated as an independent variable in the negative binomial

regressions, and as the dependent variable in the regressions shown in the appendix. This variable
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is sourced from the Criminal Justice Information Service Division, FBI.'" The count of full time
police employees includes the total count of officers who ordinarily carry a firearm and a badge,
have full arrest powers, and are paid from governmental funds set aside specifically for sworn law
enforcement representatives.'® Also counted are full-time agency personnel such as clerks, radio

dispatchers, meter attendants, stenographers, jailers, correctional officers, and mechanics.

These data are available for every city for the years 2004 to 2010. The 2004 data are used for
2000-2003 to obtain a balanced panel for use in dataset (A). Numbers corresponding to only the
year 2010 have been used in datasets (B) and (C). The FBI cautions that the data reflect existing
staffing levels and should not be interpreted as preferred officer strengths recommended by the
FBI. Given that the idea is to determine whether the extent of police presence in a locality impacts
the number of officer-involved deaths, full-time police employment levels in the manner explained

above should be appropriate.

Political Party Affiliation, another independent variable, is sourced from the County Presi-
dential Election Returns 2000-2016, MIT Election Data, Harvard Dataverse.!® County-level returns
for Presidential Elections are recorded for the years 2000, 2004 and 2008. The political party af-
filiations of the candidates winning the highest votes in each county are tabulated. Democratic
affiliation (denoted 1) and Republican affiliation (denoted 0) is assigned for the years 2000, 2001,
2002 and 2003 using on the highest vote-winning party in 2000. Similarly, the party obtaining the
highest vote in 2004 is assigned for 2004, 2005, 2006 and 2007, while the winning party for 2008 is
assigned to 2008, 2009 and 2010. While dataset (A) uses the affiliations corresponding to all the
different years, as above, datasets (B) and (C) use only the affiliation for each city corresponding

to the year 2010. The same affiliation is assigned to every city within a county. Even though this

1"In the FBI’s words, “Because of law enforcement’s varied service requirements and functions, as well
as the distinct demographic traits and characteristics of each jurisdiction, readers should use caution when
drawing comparisons between agencies’ staffing levels based on police employment data from the UCR
Program”. Consequently, cities in which data for all of its different police agencies (police departments,
sheriff departments, highway patrol and so on) are not available have been dropped.

18The totals given for sworn officers for any particular agency reflect not only the patrol officers on the
street, but also the officers assigned to various other duties such as those in administrative and investigative
positions and those assigned to special teams.

IUMIT Election Data and Science Lab, 2018, “County Presidential Election Returns 2000-2016”,
https://doi.org/10.7910/DVN/VOQCHQ, Harvard Dataverse, V6
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county-level approach is somewhat imprecise, it is an appropriate method for recording political

party affiliation for the analysis at hand.

Median income is an independent variable sourced from the U.S. Census Bureau, 2010 Amer-
ican Community Survey. This variable is the median income of households in the past 12 months
(in 2010 inflation-adjusted dollars). Due to lack of available data for every year before 2010 in small
cities and townships, only 2010 data is available for all the cities in datasets (A) and is assigned

for all years to create a balanced panel. 2010 values are directly used in datasets (B) and (C).

Sex ratio is an independent variable sourced from the U.S. Census Bureau, 2010 American
Community Survey. It counts the number of males for every 100 females in a city in the year
2010. ‘Contacts between Police and Public’ reports published by the Bureau of Justice Statistics
show that use of force nearly doubled against men since 1999, but more than quadrupled against
women,?’ making the sex ratio a potential determinant of the count of officer-involved deaths. Due

to lack of data for every year before 2010 in small cities and townships, 2010 values are again used

for all the prior years in dataset (A). 2010 values are directly used in datasets (B) and (C).

The Black population of a city is an independent variable extracted from the U.S. Census
Bureau, 2010 Summary File 1. Due to lack of data for this variable, the ‘2010 percentage of Black
population’ values are used to generate population sizes for all years in dataset (A), while 2010
values are directly used in datasets (B) and (C). The total population variable, which varies across
years, is multiplied by the percentage of Black population (2010 values, used for all the years before

2010) to obtain the number of Black residents in a city in each year.

Hispanic population is yet another independent variable sourced from the U.S. Census. Again,
due to lack of data, the ‘2010 percentage of Hispanic population’ values are used to generate
populations for dataset (A) while 2010 values are directly used in datasets (B) and (C). The
population variable, which varies by year, is again multiplied by the 2010 percentage of Hispanic

population to obtain the number of Hispanic residents in a city in each year.

20https://www.prisonpolicy.org/blog/2019/05/14/policingwomen /
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The non-Black & non-Hispanic population (or the “non-minority population”) is calculated
as the total population minus the sum of Black and Hispanic populations as computed above.
Dataset (A) uses the non-minority population level in every city for every year between 2000 and

2010, while the numbers for the year 2010 have been used in datasets (B) and (C).

A police union contract variable called ‘No. of clauses’ is treated as an independent variable in
dataset (C). This variable is extracted from Campaign Zero,?! and it counts the number of police
union contract clauses that impede rightful indictment of police employees involved in killings
(varies between 1 and 6). Campaign Zero lists six ‘problematic languages’ used in police union
contracts that might make it more difficult for police officers to be held accountable. Since this
variable is only available for the 65 largest US cities, it is only used in dataset (C). The six relevant
clauses in police union contracts are ‘disqualifies complaints’, ‘restricts/delays interrogation’, ‘gives
officers unfair access to information’, ‘limits oversight/discipline’, ‘requires city pay for misconduct’
and ‘erases misconduct reports’. All the 65 cities in dataset (C) have at least one of these clauses
in their union contracts. Using dataset (C), regressions show whether variation in the number of
these clauses in the police union contracts lead to any variation in the number of officer-involved

deaths.

A second police union contract status variable called ‘Revision of clauses’ is also extracted
from Campaign Zero. This variable is an indicator variable equal to 1 if a police union contract has
been revised following the use of problematic clauses and 0 if not. The question is whether revision

of the contracts affects the number of officer-involved deaths in a city.

The regressions also include state and year fixed effects. City-fixed effects cannot be used
since they are perfectly collinear with the variables that are constant across years (median income
and sex ratio). The analysis uses the natural logs of crime index, police employment, median
income, Black population, Hispanic population, non-minority population as well as the unlogged
version of these variables. More details on which version provides stronger results is explained in

the next section of the paper. Table 3.1 provides summary statistics for the 3 datasets.

2lcampaignzero.org/contracts/
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A final point is that an alternative empirical model would replace the officer-involved death
count by a death rate, equal to deaths per capita, while using police employment per capita and
Black and Hispanic population shares rather than levels. However, since using the actual death
count along with negative binomial estimation seems conceptually superior, this approach is pre-

ferred.?2

3.3 Empirical Strategy

The choice of a regression model appropriate for the data at hand is crucial in isolating socio-
demographic factors correlated with the count of officer-involved deaths. It is important to note
that the dependent variable is the counted number of occurrences of an event, which covers a small
range of discrete values, is highly skewed, and includes many zero observations as seen in Figure

3.1.

Count regression models used in the literature include Poisson models, negative binomial
models and zero-inflated models. All of these models are a strict improvement over OLS because
they take into account the skewed nature of the dependent variable by assuming the data follows
a distribution that presumes a large fraction of zero outcomes. However, zero-inflated models
theoretically assume that a separate process (than the one generating the positive count data) is
responsible for generating ‘excess’ zeros. Since the source data does not involve a counting process
that would lead to excess zeros, it is not desirable to use zero-inflated models in this case. A Poisson
model would also not be apt given the mean equals the variance (of the dependent variable) under
a Poisson distribution, an assumption that does not hold in the current data. Hence, a negative
binomial regression model is used. Figure 7?7 shows the average deviations between fitted and
actual values from estimation of the three types of models on dataset (B), revealing that the

negative binomial model has the best fit.

22The appendix presents a linear regression using normalized variables. Deaths and police employment are
expressed on a per capita basis, and the minority-population variables are expressed as population shares.
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3.4 Results

This section presents the results from running the negative binomial regressions. Before viewing the
results it is important to note that these estimated coefficients show mere correlations and not causal
relations owing to potential omitted variable bias. However, in explaining the magnitudes from the
tables, quantitative interpretations do not acknowledge these biases. Although this potential bias
is a limitation of the paper, the identification of factors significantly correlated with the count of

officer-involved deaths can be a starting point in identifying actual causal factors.

The results using dataset (A) are shown in Table 3.2. Column (1) show the coefficients from
the regression including zero-death cities without the addition of any state or year fixed effects.??
Crime, median income, police employment, non-minority population, the Black population, His-
panic population and democratic affiliation have significant coeflicients, with the effect of median
income and democratic affiliation negative and other effects positive. Column (2) shows the effect
of adding only state fixed effects, which renders the non-minority population and Democratic co-
efficients insignificant. Columns (3) show the effect of adding only year fixed effects without the

addition of state fixed effects. The significance pattern is the same in columns (3) as in column (1).

Columns (4) and (5) show the coefficients from regressions including both year and state fixed
effects (which is the preferred specification), including and excluding zero-death cities respectively.
In column (4), where the sample includes zero-death cities, police employment, median income,
Hispanic and Black population are significant determinants of deaths. The same conclusion applies

in column (5), except that the crime effect is additionally present.

Intuitively, higher fatalities arise from a greater population, a higher crime index and a larger
police force since all these factors cause greater police-citizen interactions in hostile settings. Cities
with lower median incomes might also be more vulnerable to higher crime rates and more prone

to violence, in turn leading to more violent actions by the police. The positive effects of higher

ZIn datatset (A), there is an average of around 20 cities (with a standard deviation of near 28) in each
state when cities with zero deaths are included and an average of 13 cities (with a standard deviation of 18)
in each state when cities with zero deaths are excluded.
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Black and Hispanic populations in column (4), combined with the insignificant coefficient of the
non-minority population, suggests a role for racial discrimination in lethal use of police force,

particularly since the regression controls for income and overall crime.

It should be noted that when the unlogged specification is used, the police employment effect
flips sign from positive to negative. A negative effect of police employment could arise if deaths
come from an overworked police force (with relief coming from a larger force), while the positive
effect in columns (1) through (5) would imply that more police-citizen interactions due to a larger
force creates opportunities for more deaths. Given the better fit?* of the logged model, the positive
police employment effect from columns (1) and (2) appears more credible, but the contrary results

from the unlogged specification suggest caution in adopting this conclusion.?

It is important to note that, by the innate structure of the negative binomial regression
model, the interpretation of coefficients is in terms of logs of the dependent variable. As in a
log-linear model, the coefficients here give the elasticities of the dependent variable with respect to
the independent variable. Using the coefficients from column (4) of Table 3.2, a 1% increase in the
Hispanic or Black population (or a unit increase in the logs of these populations) raises the log of
count of deaths by 0.13 and 0.11 respectively, which corresponds to death increases of 0.13% and
0.11%, respectively. Using the mean value of annual city death counts (equal to 0.38 from Table
3.1), these percentage changes correspond to increases in the annual death counts of 0.04 and 0.05

respectively.

A 1% increase in median household income reduces deaths by 0.79%, which corresponds to a
decrease of 0.3 deaths in a year. A 1% increase in police employment raises the count of deaths by
0.71%, increasing the mean death count by 0.3 deaths in a year. Also, a 1% increase in crime index

raises death count by 0.08%, (using column (5)) increasing the mean death count by 0.03 deaths.

Following column (4) and using the mean annual death count of 0.38, a one standard deviation

24The deviations of predicted death values from actual values using logged and unlogged variables for
dataset (A) is plotted in Fig. A2 (shown in the appendix). The deviation is found to be lower for the
unlogged regression for observed death counts below 4 (approximately). For death counts above 4, the
deviations are lower in the logged regression.

25These results can be furnished upon request.
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increase in Black population and Hispanic population would increase the mean death count by 0.08
and 0.07 respectively. A one standard deviation increase in police employment and crime index
increases the mean death count by 0.40 and 0.06 (corresponding to column (5)) respectively while

a one standard deviation increase in median income would decrease the mean deaths by 0.11.

Table 3.3 lists the coefficients from running a negative binomial regression on dataset (B),
where the death-count dependent variable is summed over all 11 years and the independent variables

correspond to their 2010 values.?%

Columns (1) and (2) of Table 3.3 show the results from including cities with zero deaths
while columns (3) and (4) exclude cities with zero deaths. The results (from column (2)) for police
employment, median income, Black and Hispanic population match those in Table 3.3 (column
(4)), increasing confidence in the results from that table. Additionally, in column (2), crime and
non-minority population also have significant coefficients. Also, when excluding cities with zero
deaths, with the exception of the democratic affiliation losing significance, all other coefficients

follow the same significance patterns as when zero-death cities are included.

In columns (1) through (4), the non-minority population coefficients are larger than both
the Black and Hispanic population coefficients. Thus, an increment to the non-minority popula-
tion leads to more deaths than in increment to the minority population, overturning the previous
conclusion about racial bias in deaths. However since dataset (B) is dispreferred to dataset (A)

because of its purely cross-sectional form, this outcome could be discounted.

Campaign Zero operates a website that presents police brutality data and recommends policies
to reduce use of excessive force. Campaign Zero’s count of police contract clauses that may reduce
accountability is added to the negative binomial regressions in Table 3.4. The number of such
contract clauses is thus included as an independent variable in the negative binomial regression.
The variable ‘revision of contract’ (an indicator for whether the contracts were subsequently revised)

is used as a control along with the number of clauses. In order to capture potential heterogeneity in

26Tn datatset (B), there is an average of around 105 cities (with a standard deviation of around 110) in
each state when cities with zero deaths are included and an average of 42 cities (with a standard deviation
of 52) in each state when cities with zero deaths are excluded.
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the impact of the number of contract clauses on the count of deaths, the count of clauses has been
divided into 3 bins: low for a clause count of 1 or 2, medium for 3 or 4 and high for 5 or 6. The
bin can also be considered as the protection level faced by the police involved in officer-involved

civilian deaths.

It is important to note that dataset (C) includes a limited set of 36 cities, which may be an
obstacle to obtaining significant results. However, Table 3.4 shows that while the contract revision
has no significant impact on deaths, an increase in the number of clauses has a negative impact
on deaths when the high bin is considered. However, when all the bins are analyzed together,
neither ‘Number of clauses’ nor ‘Revision of contract’ are significantly correlated with the count of
fatalities. Notably, the negative impact of clauses in the high bin of clauses is highly significant,
and its magnitude shows that increasing the number of clauses from 5 to 6 decreases the log of

death count by 1.89, for a 1% decrease in deaths.

The negative direction of this impact warrants caution since a higher, not lower, count of
union contract clauses protecting officers involved in civilian deaths was expected to be associated
with higher count of deaths. Further research into the impact of police union contracts on the
count of fatalities might be able to shed light on the size and magnitude of the coeflicients seen

here.

3.5 Conclusion

This paper investigates the effects of city-level variables on the number of officer-involved deaths.
Robust findings from the results are evidence of positive correlations between officer-involved fatal-
ities and crime, the Black population, and the Hispanic population as well as a negative correlation
between fatalities and median income. The size of police force has positive effect in the preferred
regression (with logged independent variables), suggesting that putting more police on the streets is
associated with more officer-involved deaths. However, the opposite result emerges in dispreferred

regressions (with the unlogged independent variables), suggesting a contrary conclusion. The sig-
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nificantly positive Black and Hispanic coefficients, combined with an insignificant non-minority
effect, seems to confirm the presence of racial disparity in policing. However, a higher number of
fatalities in a city with higher Black or Hispanic population does not necessarily prove that Black or
Hispanic residents are targeted more than residents of other races in officer-involved deaths. Hence

the conclusion on racial disparity, while suggestive, is not definitive.

This paper builds on the idea that city-level socio-demographic characteristics impact the
incidence of officer-involved deaths. Coverage in terms of both the number of cities and the span
of years is wider here compared to the majority of previous research.?” Moreover a wider variety
of independent variables is used to identify factors correlated with the number of killings in a
city, compared to previous work. Since these variables are of a socio-demographic nature instead
of being related to specific incidents, the approach differs from the circumstantial examination of
death events done in some studies (see Holmes et al. (2018), Osgood and Chambers (2006), Epp
et al. (2017)). Incorporating information on police contracts in over 60 cities that might restrict
judiciary actions against police officers is also novel, although the results contradict expectations.
Finally, the variety of demographic controls used here allows focusing on factors beyond racial bias

explaining fatal police encounters.

A major limitation of this research is in the nature of the data used. Since it is possible
that some of the fatalities counted in the FE data set were not caused by pure intent to kill,
it might be inappropriate to characterize these officer-involved deaths as involving unfair use of
excessive force despite the care taken by FatalEncounters.org in assembling the data. Situations
that ultimately led to the fatalities might involve many incidental subtleties that require further
investigation to decide if these officer-involved deaths are synonymous with use of force by the
police. Also, as explained earlier, it is worthwhile to note that the database on officer-involved
deaths used might have under-counted deaths before 2007, so that cities that have been counted as
having zero deaths might have had positive counts. Also, owing to potential omitted variable bias,

none of the correlations between socio-demographic factors and count of officer-involved deaths

2TKlinger et al. (2016) and Nix et al. (2017) for instance, were limited to a single city or a single year. The
research also improves on the latter of these papers by using crime indices for each city, rather than the less
precise measures used by Nix et al. (2017)
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may be considered causal in nature. Nevertheless, the present research has identified demographic
and other factors correlated with officer-involved deaths, conditional on the potential measurement

and research design limitations.
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3.6 Tables and Figures

3.6.1 Tables

Table 3.1: Mean (St. dev.) of datasets (A) and (C) corresponding to cities in each

year

Dataset (A)

Dataset (C))

Variables All cities No-0-cities O-cities No-0-cities
0.38 0.60 - 517
Deaths (1.45) (1.78) (6.06)
Crinme Index 3089.82 4274.54 968.43 35941.06
(9606.74)  (11811.54)  (854.87)  (41905.80)
Police Exbloviment 186.15 955.97 61.11 9454.53
oy (626.69)  (772.86) (46.04) (3154.70)
Medinn Income 52529.33  51257.26  54807.12  48405.97
(22045.04)  (18639.04) (26947.95)  (13352.56)
Nomminosite Pooulation 116796 5421559 1780455 337335.10
y rop (87323.06) (106310.50) (13866.82) (312125.10)
Black Pobulation 10563.61  15198.86  2263.61  142257.80
P (43903.59)  (54138.66)  (4859.71)  (212944.90)
Hisbanic nonglation 17590.66  24606.94  5027.15  231101.60
Patic bop 80274.38 9932046  (8602.64)  (347210.20)
Sex ratio 95.05 95.08 95.01 96.27
(9.22) (6.82) (12.41) (3.46)
. L 0.46 0.46 0.45 0.62
D Affil
emoctatic Affthiation (0.50) (0.50) (0.50) (0.49)
_ _ — 3.61
No. of clauses (1.57)
N _ _ — 0.19
fel
ReVlSlOn OI clauses (039)
Sample size 898 574 324 36

(1) Source: Constructed using data from FatalEncounters.org, US Census Bureau, FBI, Har-

vard Dataverse and Campaign Zero.

(2) ‘All cities’ implies inclusion of cities with 0 deaths throughout 2000-2010, no-0O-cities

implies exclusion of cities recording 0 deaths, and O-cities implies cities without any deaths
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Table 3.2: Negative binomial regression using logged independent variables from dataset
(A)

Dep var: Deaths (1) (2) (3) (4) (5)

0.07 0.04** 0.08* 0.02 0.08**

Log of crime index (0.02) (0.02) (0.03) (0.03) (0.03)

0.60*** 0.68™* 0.617* 0.717 0.64***

Log of police employment (0.06)  (0.07)  (0.06)  (0.07)  (0.07)
Log of median income 0595 —0.79F  —Q.5THF —0.79%F  — (.74

(0.09)  (0.11)  (0.09)  (0.11)  (0.11)
Log of non-minority popula-  0.20*** 0.06 0.19*** 0.05 0.04
tion (0.03)  (0.05)  (0.04)  (0.05)  (0.04)
gl Blockpoietion 0085 G 005 Wl W

Log of Hispanic population ?&8*2*)* ?01 5’; (%018*2*)* ?01 ?’:’5 &)%63*)

0.004 0.001 0.004 0.001 0.003

Sex ratio (0.003)  (0.003)  (0.003)  (0.003)  (0.004)

—0.08* —0.04 —0.09** —0.07 —0.07

D o Affliati
emocratic iation (0.05) (0.05) (0.05) (0.05) (0.05)

O-cities Y Y Y Y N
State fixed effects N Y N Y Y
Year fixed effects N N Y Y Y
Pseudo R? 0.23 0.26 0.23 0.26 0.20
Log Likelihood -5371 -5151 -5357 -5134 -4749
Observations 9823 9823 9823 9823 6303

Standard errors are in the brackets

Significance levels are denoted by *p < 0.1, **p < 0.05, ***p < 0.001

Pseudo R? is McFadden’s R? calculated as 1 — %i, where LL¢ is the log-likelihood of the fitted
model and LL, is the log-likelihood of the incercept-only model

0-cities imply cities that have had no deaths throughout

No. of observations assumes the panel format of the data
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Table 3.3: Negative binomial regression on datatset (B) using logged depen-
dent variables

Dep var: Deaths (1) (2) (3) (4)

0.21%*  0.18**  0.15"*  0.17"
(0.03)  (0.04)  (0.06)  (0.03)

Log of crime index

0.25" 0.19™ 0.12 0.09*

Log of police employment (0.03) (0.02) (0.02) (0.02)

—0.52*  —0.61  —0.58"* —0.67"
(0.07)  (0.07)  (0.06)  (0.07)

Log of median income

Log of non-minority popula-  0.17*** 0.19* 0.16™ 0.17

tion (0.02)  (0.03)  (0.02)  (0.03)
Log of Black population 0.12%* 0.10*** 0.08** 0.09***
(0.02) (0.01) (0.01) (0.02)
Log of Hispanic population 0.09*** 0.10*** 0.09*** 0.10***
(0.02) (0.02) (0.01) (0.02)
—0.0003 —0.001  —0.001  —0.001

Sex ratio

(0.001)  (0.001)  (0.001)  (0.001)

0.16"** 0.18" 0.007 0.04

b Al
emocratic Affiliation (0.04)  (0.04)  (0.04)  (0.04)

O-cities Y Y N N
State fixed effects N Y N Y
Pseudo R? 0.24 0.27 0.21 0.24
Log Likelihood —6099 —4291 —6681 —4183
Observations 5370 5370 2158 2158

(1) Standard errors are in the brackets.

(2) Significance levels are denoted by *p < 0.1, **p < 0.05, ***p < 0.001.

(3) Pseudo R? is McFadden’s R? calculated as 1 — %, where LLy is the log-likelihood of the fitted
model and LLy, is the log-likelihood of the incercept-only model.

(4) O-cities imply cities that have had no deaths throughout.
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Table 3.4: Negative binomial regression results including Police Union Contract
related variables

Dep var: Deaths (1) (2) (3) (4) (5)

0.06 0.03 0.05 0.05 0.05

Log of crime index (0.13)  (0.06)  (0.08)  (0.05)  (0.05)

—-0.86 —0.31 —0.57 0.28* 0.29*

Log of police employment (1.25)  (0.98)  (0.67)  (0.14)  (0.14)

029  0.89  9.94*  —168" —1.65"
(1.83) (3.85)  (421)  (0.57)  (0.56)

Log of median income

Log of non-minority popula-  0.18 0.58 0.09 0.16 0.16

tion

(1.68) (3.19) (020  (0.17)  (0.17)

Log of Black population 0.62 1.11 1.79** 0.32** 0.31**
(0.91) (1.32) (0.60) (0.09) (0.09)

Log of Hispanic population 1.07 -0.39  —1.82* 0.03 —0.03
(1.06)  (0.73) (0.53) (0.12) (0.12)

—0.31 0.06 —0.66™* 0.01 —0.001

Sex ratio (0.45)  (0.06)  (0.18)  (0.02)  (0.02)

—0.08  0.05 053"  —0.08  —0.08
(0.32)  (0.24)  (0.21)  (0.10)  (0.11)

Democratic Affiliation

0.47 0.30 —-1.89"  —0.02 —

No. of clauses (1.14)  (0.45) (0.03) (0.78)

.. — — - — —0.08
Revision of contract (0.13)
Police Protection Level Low Medium  High All All
State fixed effects Y Y Y Y Y
Year fixed effects Y Y Y Y Y
Pseudo R? 0.34 0.20 0.28 0.23 0.24
Log Likelihood —195 —291 —286 —824 —824
Observations 110 154 154 396 396

(1) Pseudo R? is McFadden’s R? calculated as 1 — %ﬁ, where LLj is the log-likelihood of the fitted model
and LL, is the log-likelihood of the incercept-only model.

(2) Standard errors are in brackets.

(3) Significance levels are denoted by *p < 0.1, **p < 0.05, ***p < 0.001.

(4) Low bin corresponds to contracts with only 1 or 2 clauses, medium bin corresponds to 3 or 4 clauses and
103
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3.6.2 Figures

Figure 3.1: Overdispersion of death count
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Figure 3.2: Deviations of predicted values of deaths using different models for dataset (B)
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Appendix A

Chapter 1

Figure A1l 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 Al 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 DI D, 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
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are defined the same way as in table 5(b) and 6(b) as well.! The results shown use 50 bootstrap
replications in the computation of estimators’ standard errors. These standard errors are clustered
at the county level. T implies that DIDj;’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
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, A 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 Regulation

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

LN 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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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
DID); 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.

Table A9 show results from running the baseline TWFE regressions of change in 54 unit
building 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.
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Fig Al: Overall or CDC Moratoria
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Table Al: TWFE results from regressing change in Building Permits on Eviction Moratorium

A Single Units A Double Units A Three - Four Units
A Units A Valuation | A Units A Valuation | A Units A Valuation
Treatments (1) (2) (3) (4) (5) (6)

6.68* —108.00 1.34%** —2.48 2.69 2.20

Overall Moratorium (3.44) (92.36) (0.50) (4.17) (1.70) (25.88)
—5.79 —178.08 2.54*** 5.44 2.02 —-9.59

Hardship/Hearing (4.85) (140.78) (0.87) (5.99) (1.30) (29.09)

7.95 280.54* —0.31 —25.25%** —3.23** —61.69**

Non-Payment/Hearing (5.10) (146.32) (0.87) (8.60) (1.66) (28.04)

—8.90* —172.26* 1.07* 2.92 0.43 —42.55

Both/Hearing (4.62) (96.35) (0.56) (4.53) (2.62) (51.98)
—2.75 —158.22 2.15** —2.93 2.84* 15.62

Hardship/Judgement (3.94) (120.71) (0.93) (6.41) (1.50) (20.31)

0.40 176.58 —1.39* —0.46 —3.25* —26.59

Non-Payment/Judgement (5.47) (182.31) (0.83) (7.04) (1.50) (18.76)

—4.04 —65.31 1.68** 0.80 0.22 —48.34**

Both/Judgement (3.62) (94.10) (0.67) (4.51) (1.25) (22.03)

—8.71* —266.63"* —0.45 —8.89 7.60%* 144.85**

Hardship,/Execution (4.82) (105.43) (1.49) (12.29) (3.41) (69.89)

—9.49** —408.82*** 0.89 —11.26 12.09*** 173.66**

Non-Payment /Execution (4.59) (115.53) (0.97) (13.07) (4.30) (75.51)
—13.58***  —365.73*** 1.55%** —0.62 7.757* 59.91
Both/Execution (4.27) (90.02) (0.57) (5.00) (2.54) 47.03

6.56 225.08* 0.06 —20.59*** 2.49* —52.46**

Either/Hearings (4.52) (128.97) (0.78) (7.61) (1.45) (24.29)

—7.06™ —254.39*** 0.16 —8.70 8.39*** 128.25**

Either /Executions (3.47) (81.27) (1.02) (8.57) (2.76) (50.74)
3.29 281.92 —.88 11.52* —2.51 2.62

CDC Moratorium (9.65) (223.35) (1.25) (6.93) (1.55) (22.67)
—1.31 —13.74 0.90* 2.81 1.54 1.89

CDC or Overall Moratorium | (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 A Employment. A Valuations are in 10000’s of dollars
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Table A2: DID); results from regressing change in Multi-Family Sales on Eviction Morato-
rium

A Sales N_switchers N

‘ —2.04*+T 380 1746
Both/Execution
(0.95)
—92.04%*1 380 1746
+ Controls
(0.77)
—9.13*T 380 1746
+ State_trends
(0.90)
—1.92%T 225 2583
Hardship/Execution
(0.98)
—1.81* 225 2583
+ Controls
(1.05)
—1.80*T
+ State_trends
(0.96) 225 2583
—1.21 305 2628
Either/Execution
(0.82)
—1.21*f
+ Controls
(0.70) 305 2628
—1.20*T
+ State_trends
(0.79) 305 2628
3.66™T
CDC Moratorium
(1.86) 77 801
3.62* 77 801
+ Controls
(1.91)
3.64** 77 801
4 State_trends
(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. T implies that for significant
DIDj; estimators, the placebo effect is not significantly different from
0 at 10% significance level. Controls include both COVID cases and

A Employment.
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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
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Table A4:OLS with month-fixed effects results from regressing change in All-residential Sales
on SIP with Brueckner et al. (2021) covariates

A All Residential Sales

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

—66.02*  —66.17"**  —59.01*** —58.83***

SIP (10.40) (10.41) (9.39) (8.73)

0.00 0.00***

COVID Cases (0.00) (0.00)

0.00"*  0.00**

AEmployment

(0.00) (0.00)

L 2.97 3.20 —2.84 0.46

Average Precipitation (1.96) (1.98 ) (1.79) (1.67)
—1.10%  —1.18* 0.13 —1.10"

Average Temperature (040) (041) (037) (034)
~115.18  —102.46  —317.40 —114.22
Ruggedness (234.84)  (235.07)  (212.15)  (197.18)
, _ 5.20 2.42 118.62*  113.14*
Quality of Life Index (76 59) (76.62)  (69.21)  (64.31)
_ —144.15  —152.65"*  199.76***  181.47***
WFH Potential (41.80) (42.40)  (39.04)  (36.28)

—8.40"  —8.73* —421  —10.28"

WRLURI (4.21) (4.22) (3.80) (3.54)
, —0.01**  —0.01**  0.01™  0.01"
2020 Pop. Density (0.00) (0.00) (0.00) (0.00)

Month Fixed Effects Yes Yes Yes Yes

R? 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,

Y Y

respectively.
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Table A5: TWFE results from regressing change in Sales on SIP using 9-month panel

A 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)
—27.94*** —15. 77 —17.41* —2.06** —43.74***
+ COVID Cases 79 / 2.06 37
(4.93) (4.41) (4.18) (0.89) (6.73)
—25.70%** —15.87**  —16.28*** —2.08** —40.022***
+ A Employment
(4.27) (4.21) (3.61) (0.89) (5.70)
—22.82%** —16.44**  —17.40*** —2.19** —36.37***
+ Both
(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.

* ok

, **, 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 A6: TWFE results from regressing change in Sales on SIP using 6-month panel

A 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)
_1 i kkk _11. kokk _1 .2 kkk _1. _2 i ok ok
+ COVID Cases 8.89 93 3.27 00 8.98
(4.67) (3.31) (4.31) (0.82) (6.11)
—15.93*** —12.57**  —15.17*** —2.15** —25.37%*
+ A Employment
(3.57) (3.19) (3.85) (0.91) (4.55)
—16.94*** —12.59"*  —14.66*** —1.24 —26.15***
+ Both
(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.

* ok

, **, 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.

123



Table A7: DIDj; results from regressing change in Sales on SIP using 9-month panel

A Sales
Single-Family Townhouse Condo Multi-Family All Residences
(1) (2) (3) (4) (5)
SIp —23.209**1 —2.65 —14.83**+1 —0.54 —27.81%*
(2.94) (4.56) (3.03) (0.82) (5.27)
—24. 481 —1.76 —15.05**1 —0.42 —28.59%**
State_trends
(4.17) (5.69) (3.58) (1.15) (6.13)
Adding Controls
21.22—***1 —2. —13.85%* —0. —24.03*1
4+ COVID Cases o7 3.8 0.53 03
(3.46) (4.94) (3.89) (1.29) (6.46)
—21.96**1 —1.62 —13.50*** —0.40 —24.00**T
State_trends
(3.40) (5.65) (3.33) (0.89) (5.67)
—8.12*t 5.39 —5.21 1.21 -7.70
+ A Employment
(4.22) (4.79) (4.29) (1.00) (5.08)
—9.36™*1 7.58 —3.75 1.61 —8.19
State_trends
(3.23) (5.99) (4.59) (1.52) (6.35)
—8.25%1 5.04 —5.50 1.09 —7.12
+ Both
(3.80) (4.02) (4.80) (1.48) (5.13)
—9.16™f 7.05 —3.98 1.46 —6.92
State_trends
(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. T implies
that for significant DIDj; estimators, the placebo effect is not significantly different from 0 at the
10% significance level.
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Table A8: DIDj; results from regressing change in Sales on SIP using 6-month panel

A Sales
Single-Family Townhouse Condo Multi-Family All Residences
(1) (2) (3) (4) (5)
SIp —23.209**1 —2.64 —14.83**+1 —0.54 —27.81%*
(4.38) (4.61) (3.26) (1.08) (5.55)
—24. 481 —1.76 —15.05**1 —0.42 —28.59%**
State_trends
(4.21) (5.74) (3.48) (0.97) (5.65)
Adding Controls
—24 55t —3.42 —14.56%* —0. —27.94%1
4+ COVID Cases 9 3 o0 0-60 79
(3.37) (4.70) (3.65) (1.11) (5.87)
—25.24*1 —2.68 —14.26*** —0.47 —27.871
State_trends
(3.90) (6.86) (4.45) (1.47) (7.23)
—1.82 4.35 —=T7.77** 0.53 —-1.97
+ A Employment
(6.18) (5.07) (3.15) (1.45) (8.19)
—2.69 8.11 —7.82** 0.46 —2.44
State_trends
(6.67) (7.66) (3.47) (1.27) (7.12)
—14.68T —1.02 —10.00*** 0.40 —16.09***T
+ Both
(4.43) (5.42) (3.68) (1.69) (5.23)
—14.98**1 2.11 —9.64*** 0.17 —15.75%1
State_trends
(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. T implies

that for significant DIDj; 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
A Units A Valuation N(Treat) N(Control)
Treatments (1) (2) (3) (4)

—25.94** —384.47*
Non-Payment /Hearing (11.45) (166.29) 75 422

—32.39"*  —508.75"**

+ Controls 75 422
(11.72) (185.13)
8.72 205.34** 216 281
Both/Judgements
(6.27) (106.27)
—3.56 —25.10 216 281
+ Controls
(6.89) (125.10)
2.04 160.99 123 374
Non-Payment/Judgement
(9.03) (167.82)
—18.31* —140.26 123 374
+ Controls
(9.27) (186.67)
—16. —260.26* 41
Either/Hearing 078 00.26 87 0
(10.79) (149.93)
—27.86%*  —428.89*** 87 410
+ Controls
(10.46) (164.55)
—2.91 21.82 406 91
Overall or CDC Moratorium
(5.39) (77.86)
—11.47* —105.80 406 91
+ Controls
(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, respec-
tively. Controls include both COVID cases and A Employment.

Coefficients for AValuation are in 10000’s of dollars.
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Table A10:TWFE results from regressing change in Sales on SIP

A Sales
Single-Family Townhouse Condo Multi-Family All Residences
(1) (2) (3) (4) (5)
SIp —29.02*** —15.77*  —17.03*** —3.20%** —T79.52%**
(14.93) (4.65) (3.86) (0.97) (10.49)
_2 '1 kksk _1 . kkk _1 . kkk _2. kkok _ . kkk
+ COVID Cases 9.19 5.89 7.09 66 76.90
(4.90) (4.66) ( 3.90) (0.94) (10.80)
—24.38*** —15.51**  —14.54*** —2.80*** —52.32%**
+ A Employment
(4.06) (4.44 ) (3.29) (0.92) (8.13)
—22.13*** —15.97**  —15.57*** —2.76%** —51.48***
+ Both
(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: DIDj; results from regressing change in Sales on SIP

A Sales
Single-Family Townhouse Condo Multi-Family  All Residences
(1) (2) (3) (4) (5)
SIp —23.28***1 —2.64 —14.82%1 —0.54 —27.81%**
(4.27) (4.91) (3.78) (1.08) (5.11)
—24.48***1 —1.83 —15.05**T —0.42 —28.59***
State_trends
(3.59) (5.05) (3.61) (0.90) (5.42)
Adding Controls
—921.99%xt —2.57 —13.85*** —0.53 —924.03**+1
+ COVID Cases
(4.14) (5.28) (4.34) (1.10) (6.14)
—21.96***1 —-1.73 —13.50*** —0.40 —24.00%*1
State_trends
(4.11) (6.23) (3.82) (1.02) (5.30)
—17.70%T 5.11 —6.90* 1.13 —8.56*1
+ A Employment
(3.43) (3.74) (3.81) (1.19) (5.14)
—19.12%t 7.82 —5.87 1.44 —8.54
State_trends
(3.03) (4.91) (3.84) (1.35) (5.04)
—17.43*1 4.81 7.1 1.01 —7.82
+ Both
(4.14) (3.56 ) (3.56) ( 1.07) (5.26)
—18.51%*f 7.31 —5.98 1.30 —-7.07
State_trends
(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. T implies
that for significant DIDj; 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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Appendix B

Chapter 2

B.1 Non-WFH Equilibrium and Wage Computation

The non-WFH equilibrium condition for type-1 workers from (22) may be rewritten as

As +ais — 2le + CNQS +a— 2B(N15 + NZS)
= Ad + a1q — Q(Fl — le) + C(E — Ngs) + o — 2B(2N — (N15 + NQS))
= A, — Ag+a1s —aiqg — 2]\715(1 + ,3) + NQS(C — 2ﬁ)

= CFQ - Qﬁl - Qﬁﬁl - 25@ + 2N15(1 + 6) - NQS(C - 26)

= Ay — Ag+a1s — aig = (4N15 + 2N7)(1 4 B) — (2Nas — No)(c — 23) (A1)
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The non-WFH equilibrium condition for type-2 workers from (23) may be rewritten as

As + ags — 2Nog + cNis + a — 2B(]\fls + N2s)
= Ag+ agqg — 2(Ny — Naog) + ¢(Ny — Nis) + a — 28(2N — (Nis + Nas))
= As; — Ag+ ags — asqg — 2Na5(1 4 B) + Nis(c — 25)

— Cﬁl - QFQ - QBVI - 2BF2 + 2N25(1 + B) - le(c - 25)

= Ag— Ay = (4Nas + 2N3)(1 + B) — (2N1s — N1)(c — 283)

A=Ay | 2N, —N)(c—28) I,

= N = 1055 41+ B) 2

(A2)

Substituting the expression for Nog from (A2) in (A1) in order to solve (A1) and (A2) simultaneously

yields
Ay—Ag+ars—arg = (AN15+2N7) (148)— (2 (f{l:z‘; + (QN“;(l]\er)éc) —2) _ ]\272) —No)(c—28)
(A3)
Solving the above equation for N7, yields
(N7, + 2N7)(1 + B) — 2 (jf@:é‘j + (20 ;(fvfg —20) ]f) (c—28) + Na(c — 26)

:AS_Ad+als_a1d

_ Nig(c—2B)* | Ni(c—28)?
1+ 214 8)
(As — Ag)(c—2B)
2(1+5)

= 4Ni4(1 —3) — 2Ny (1 - B)

=A;—Ag+ais—ag+

Ni(c—2B)2  (As— Ag)(c+2)
2(1+P) 2

+ (a1s — a1q)(1 + )
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— le: E+ (As_Ad)(C+2) + (als_ald)(l_‘_ﬁ) (A4)

2 8(1-p)*—2(c—28)* 4(1-5)*—(c—2B)

Simplifying the above expression yields the following expression for N7, (same as that in (24) from

the text):

As — Aq (a1s —a1)(1+8) M
A8 —c+2) (AB—c+2)(c+2) 2

M= (45)

Substituting the expression for Ny, in (A2) and solving for N3, yields

Nos
As — Ad+ (As — Ag)(c—28)  Ni(c—28) Ni(c—28) (ais—a1q)(c—28)(1+pB)

41+ p8) 448 —c+2)(1+p8) 41+8)  4(1+8) 200+ BB —c+2)(c+2)
(A6)

The above expression simplifies to the expression for N3, in (25) from the text:

As — Ag (a15 —a1g)(c —28) N
A8 —c+2) 24 —c+2)(c+2) 2

Ni = (A7)

The total employment or population in city s under the non-WFH equilibrium is calculated as

Nis + Na
B < As — Ag (a1s — a1q)(1 4 B) N1>
2(

46 —c+2) (4B —c+2)(c+2) 2

As— Ag (a1s — a1q)(c —28) = Na
+ (2(45 e+ 2) Tap—c+2)cr2) T 2) (A8)

The above expression simplifies to the expression for total population in (26) from the text:

N A - Ay ais — G1d
2 4B —c+2 248 —c+2)
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Recalling that N; = N5 + N;g and N = N, + N, yields the following expressions for the type-1,

type-2 and total population in city d under non-WFH equilibrium

oo A-Ar (s - ag)(1+6)
™= 9 2048 —c+2) (“B—c+2)(c+2)
N N A-Ar (a1 —aia)(c—2P)
27 9 24B—c+2) 2M4B—c+2)(c+2)
N AS—Ad a1s — ai1d
. f=— - Al
Nia + Noa = 5 4 —c+2 248 —c+2) (A10)

The wage for the original type-1 workers of city s is calculated as wi5(N7,, N3,), which equals

a1g — 2Nfs + CN;s
As—Ag (a5 —a1g)2(1+8) N c(As — Ay) c(ais —aig)(c —2B) = cNy
4B—c+2 (c+2)AB—c+2) T 2B—c+2)  (c+2)AdB—c+2) ' 2

(As - Ad)(c — 2) (als - Clld)(c2 - 2/86 —4 - 46) CFZ - ﬁ
2(48 — ¢ + 2) 2(c+2)(48 — ¢+ 2) 2 !

= Q1s —

=as+

_ (As—Ad)(C_2)+a13(2(4ﬁ_c+2)_(26_C+2))+a1d(2/8_c+2>+CF2

2048 — ¢+ 2) 26 —c+2 2 — N (A1)

The above expression simplifies to the following expression for the type-1 wage in city s:

wlS(Niksv NQ*S) = a1s — 2Niks + CN;S

—C—NQ—F (As—Ad)(Q—c)+(2ﬁ—|—2—c)a1d+(65+2—c)a18
) YT ToUB e+ 2) 248 — c+2)

(A12)

The wage for the original type-1 workers of city d under the non-WFH equilibrium is calculated as

wi4(NYy, N3,), which equals

a1qg — 2N7y + cNyg
= a1d — 2(N1 — Nig+) + ¢(N2 — N3,)

= aiq + a1s — (a1s — 2N7, + cNi,) — 2N1 + cNo

_ — o~ (N — (A -A)2—c)  (28+2—c)ag+ (68 +2—c)as
_als+a1d_2N1+CN2_<2_N1_ 2(46 — c + 2) 246 — c + 2) )
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—@—F (As—Ag)(2—c) (88 —2c+4)(a1s+ a1q) — (68 +2 —c)ais — (26 +2 — c)aiq
T2 YT ToUB -+ 2) 248 — ¢+ 2

(A13)

Simplifying, the wage for the original type-1 workers of city d under the non-WFH equilibrium is

given by

e ey CNo — (A —Ag)(2—¢) (68+2—c)aig+ (2842 — c)ais
wia(Nig: Noa) = 5= = 2048 — ¢+ 2) 2(48 — c + 2)

(A14)
The wage for the original type-2 workers of city s is calculated as was(N7,, N3,), which equals

az — 2Ny, + cNy,
o ( As - Ad (als - ald)(c - 2/8) -ZV2>
=ag—2 o

48 —c+2) 2M4B—c+2)(c+2) 2
A, — A (a1s —a1g)(1+B8) Ny
= : )

43 —c+2) (“AB—c+2)(c+2) 2

(a15 — aiq) (c+cB—c+28)+ M _ Ny (A15)

- _§>+(c+2)(45—c+2) 2

(AS—Ad) C
48 —c+2 (1

The above expression simplifies to the following expression for type-2 worker wage in city s:

(AS - Ad)(Q — C) (als — ald),B CN1 -—
) * ) _ — N Al6
Was(NYy, N3g) = az 2@F-c12) T ap_ci2 T 2 2 (A16)

The wage for the original type-2 workers of city d under the non-WFH equilibrium is calculated as

waqd(N1g, N3,), which equals

ag — 2N2*d + CNikd
= az — 2(Nz — Naw=) + ¢(N1 = Nj)

= ay + ags — (ags — 2N3; + cNy,) — 2N3 + cNy

e (As —A))(2—¢) | (as—aa)B N
= — 2N- Ny — — — N. Al17
az + az 2+ ciVp <(12 245 —c+2) + 1B—ct2 + 5 2 (A17)
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Simplifying, the wage for the original type-2 workers of city d under non-WFH equilibrium is given
by
cN1  — (As—A4)2—-¢) (a1s+a1)B

Niy Nyy) = — —N. - A18
waa(Nig, Naa) = az + =5 2+ 2048 — c+2) 4B —c+2 (A18)

B.2 WFH Equilibrium and Wage Computation

Recall that the type-1 employment, type-1 population and the type-2 population in the WFH
equilibrium are found by simultaneously solving equations (16),(18) and (13). Condition (29) from

the text may be re-written as:

a1s — 2L15 + ¢Nag = arqg — 2(L1 — L1s) + ¢(Na — Na)

= 2L15+ C(E - n?s) —a1s + G19 = cNos + 2(Lil - Lls)

= 4L15 — 2¢Nas — ays + a1qg = 2L1 — cNa (A19)

Recalling that L, =Ny, Ly, may be re-written in terms of No; as

Ly = TR (A20)
Condition (30) from the text may be re-written as:

Ag+a—2B(Nis+ Nos) = Ag+ o — 28(N1g + Nag)

- As - Ad = 4,8(le +N2s - 7)

=

Hence, the total population in the WFH equilibrium in city s is

Nig+ Nog = ——— + (A21)
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Condition (31) may be re-written as:

Ag+ ag — 2Nos + cLis + a — 28(N1s + Nag) = Ag + ag — 2Nog + cL1g + a — 28(N1g + Nag)
= As —2Ns(1+ 8) +cLis —28N1s = Ag — 2Noq(1 + ) + cL1qg — 28N14

- As - 2(1 +5)(N28 _E“‘an) + C(Lls _ﬁl‘F Lls) - Qﬁ(le _ﬁl‘F le) = Ad

= 2cLys — 48(N1s + Nog) — 4Nog = (¢ — 28)N7 — 2(1 + B)Noy + Ag — Ay (A22)

Substituting the expression for Li4 from (A5) into the above equation yields

2c(a1s — arg)  cNas N1 cNy
2
¢ ( 1 Tyt T

- 4B(le + NQS) - 4N2s = (C_ 25)VI_ 2(1 +B)F2+Ad - As

20(@15 - ald) + 021\]2 + Cﬁl . CZFZ . (As - Ad)4/8 . 4B(Fl + E)

— 4N
4 2 483 2 2

=(c—28)Ny —2(1+ B)Ns + Ay — A

c(ars — a1q) >Ny

2

+ Ny — (¢ —28)N; — +2(1+ B)Ny — 2B(N1 + Na) = (4 — ¢*) N,

_ N
s (4= A)N, = s 5 ag) , : E (A23)

Hence, as shown in (34) in the text, the type-2 worker employment/population in city s at the

WFH equilibrium is given by

Ny, = m + % (A24)

Substituting the expression for Na, from (A24) into (A21) and solving for Ny, vields

A, — A N
“15‘}'“23284in+5
As— Ay N+ Ny —
— Ny, = ~N
1s 46 + 2 2s
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Ag—A; N1 Ny clas—awg) N
P & SO Co L ol . A2
— 48 > "2 Tetore-0 2 (A25)

Hence, as shown in (32) in the text, the type-1 worker population in city s in the WFH equilibrium

is given by

As — Ad c(als — ald) Nl
N,. = — 2 A2
s 48 22+)2—c) 2 (426)

Substituting the expression for Ny, from (A24) into (A20) and solving for Ly, yields

a1s —aig . ¢cNog N1 cNo

L p—
ls 4 2 2 4

_as—ag ¢ clas—a) | N\ N1 cNp
4 +2<2(2+c)(2—c)+2>+2 4

2

— N

ais —ayd <1 : c ) M (A27)
s — Ny

ary — ard . (A28)

which equals the expression in (33) in text. Using (A26) and (A27), total employment in city s

under the WFH equilibrium is given by

a1s — aiqd ais — a1q) Noy
Ls + Nos = 2
1s A <(2+c)(2—c >+<2 21 )2—0) | 2)
ais — aiq <1+E> ﬁ
T 2+02—0¢) 2) "2
a1s — A1d N
— - A2
22—c) 2 (429)

as in (36) in the text.

Recalling that N; = N;s + N;4 yields the following expressions for the type-1 and type-
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population and employment levels in city d under the WFH equilibrium:

Nig = N; — Ny
— N (As —Aq clais — aiq) N1)

B 22+092-0 2

N A A c(ars — ana)
2 43 * 2124 ¢)(2—¢) (430)

clars —ayg) ~ No

N (66t o)

Ny c(ars — aiq)
_ 2 _laj) A31
2 T 22+02-0 (A31)
Lig= Ny — Ly,
— ars — aiq Ny
=N, — (s T4 T
! ((2+C)(2—C) * 2>
Ny s —
- Ms— id (A32)

2 (24+¢02-¢
Using (A30)-(A32), the total population and total employment in city d in the WFH equilibrium

are

B . T
N1d+N2d:2N—<46d+N>

Dua+ Naa = (g - it ) (4 o d) )
:N+%<E_l>

N Us TN (A33)

137



The wage for the original type-1 workers of city s in the WFH equilibrium is calculated as:

wls(Llsa NQS) =a1s — 2L15 + CJ/V;;

a1s — aid
|

24¢)2-¢) \ 2 2
oy Ws—aa Ny o
1s 9 2 1
No
:als+ald+c 2—N1 (A34)

2 2

The wage for the original type-2 workers of city s at the WFH equilibrium is calculated as:

w2s(i¥, ]/V\2/s) =ag — 2Ngs + cLq;
C(als - ald) FZ a1s — aid F1
—ay 2 s td) o, T2 ——ts a1
a2 (2<2+c><2—c>+ 2>+C<< "
c(ars — arq) clais —ag) - cNy

2T RroR-0  @C+ol-o T2

=ay— Ny+ — (A35)

From (13) in the text, type-1 wages are equalized in city s and city d. Since the same conclusion

was shown to hold for type-2 wages, the city-d wages are given by

_— als +a cNy —

wia(L1g, Naa) = wis(Lis, Nog) = — 5 oy 22 - N (A36)
. M

wad(L1d, Nog) = was(Lis, Nos) = ag — No + 5 (A37)
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B.3 Non-WFH and WFH comparisons

B.3.1 When city s only has a productivity advantage

Note that all the expressions used in this section assume A; = Ay = A but a15 > a14. To compare

N{, and Nis, note that using (A5) and (A26),

22—c)(1+pB)+c(4f—c+2)>0

= 2(2-¢)(1+B) > —c(4f —c+2)

1+ 3 5 ¢
464+2—c 2(2-¢)
_, (s —a)A+B) - —clas — a1q)
4B8+2—c)(c+2)  2(c+2)(2—c¢)
. las—a)(1+8) N —cla,—ag) | N _
- le_(4ﬁ+2—c)(c+2)+ 5 T 2et12)2-c @ 2 = N (A38)
To compare Nj, and Nas, note that using (A7) and (A24),
c> -2
== 2¢>—4
= 4fc—c?+2c>2c—48 -+ 28
= cdf+2-¢c)>(c—208)(2—-¢)

224¢)(2—¢) " 2(c+2)(4+2—-0¢)

To compare Ny, + N5, and N1, + Ny, note that using (A9) and (A25),

248 —c+2) > 0

a1s — G1d
- — >0
2048 — c+2)
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N
= NTS_FNQ*S: + EZNLS_{_NQS

To compare Ny, and Ly, note that using (A26) and (A28),

&
—--<1
2

clars — aiq) Ny ais — aiqd N
BT et )2-0 2 S Q2ra2-0 2

To compare N7, and Ly, note that using (A5) and (A28),

284 Bc>0
= 4 —c+2>2—-c+28 - fc

— 48 —c+2>(1+p)(2-¢)

ais —aig _ (a1s —a1q)(1 + B)

— Ta2-¢ (48 —c+2)

— Ny - 1 Ny
S el VA B (a1s — a1a)( +5)+ 1

- — N*
2—c 2 (48 — c+2) 2 1s

To compare Ny, + N5, and L1, + Ny, note that using (A9) and (A29),

46+2—-c>2—c

a1s — G1d a1s — aid

=
2—c 48 —c+2
a1s — ai1d N a1s — 14 N * *
— Lig+ Npg= o Ad 20y s 70 L 20 N* 4N
st = T Y T ety Ty T s T
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To compare wi, = wis(N7,, N3y) and wis = wis(L1s, ]V;S), note that using (A12) and (A34),

ais > a4

— 2ﬁa1d < 2Ba13

. a1d<1 2ﬂ—c+2> <an <6,8—c—|—2 1)

4B —c+2 4B—c+2
a1s + aiq (115(65 —c+ 2) ald(Qﬁ —Cc+ 2)
2 2(48 — c + 2) 2048 — ¢+ 2)
__ ms+tag cNy — as(68—c+2) ag(26—c+2) cNy — .
N - ~N, < N = Ad4
s >t MU era) T2@pcry T2 Mol (A4

To compare wy,; = wiq(Nyy, Noy) and wig = w14(L1g, Nag), note that using (A14) and (A36),

als > aiq

==0 25a1d < 25&15

2 2 — 2 —
o <1 ﬁ+0) _— <65+0_1>

4B —c+2 48+2—c¢
ais+aqg _ 01466 +2—¢c)  a15(26+2—¢)
2 2043+ 2 — ¢) 2(48 42 — ¢)
__ aistaig Ny —  a1a(68+2—¢) a1s(28+2—¢c) cNy —
1 > T2 M Susr2-0 T 2Mpr2_g T T i (AdD)

To compare w3, = was(N7y, Na,) and was = was(Lys, Nas), note that using (A14) and (A35),

(a1s — a1a)B

>0
48 —c+2

. (a1s —a19)B  ¢N1  — cN1  —
= Wy, = Qg — 45—04—2 =+ 5 —N2>a2+T_N2:w2s (A46)

To compare w},; = waq(N1y, Noy) and wag = de(fl;, ]72;), note that using (A14) and (A37),

(a15 — a1q)B

— 0
48 —c+2 <
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(als — (le)ﬁ CN1 _— CN1 —_— —
Waq = G2 1B_ct2 + 5 2 <az+ 5 2 = Waq (A47)

Using (A5), (A7) and (AS), utility of original type-1 workers in city s in the non-WFH

equilibrium (which equals the utility in city d) is given by

A+wfs+a*2B(Nfs+N2*s)

* + N
=A+as —2N{,+cNy, +a—205 <M+2>

ais —aig (2(1+B) c(c—2p) — Ny —
46_0‘1‘2( - +B)—N1+2+Oé—ﬁN

— A _
s ct2  22+0)

S -
=AML O8N o - BN (A48)

Using (A34) and A(25), welfare of type-1 workers in city s under WFH is given by

ais + aiq n cNy

A+ wig(Lig, Nog) + o — B(Nis + Nog) = A+ ; 5

~Ni+a- 3N (A49)

Hence, as stated in the text, the computations above yield the same utility for type-1 workers with

and without WFH.

Using (A5), (A7), and (A8), the utility of original type-2 workers in city s in the non-WFH

equilibrium is given by

A +w28(N1*s’N55) +a— 2/8(N1*s + NQ*S)

B(a1s — a1a) —
:A+a2—2N§s+cNfs+a—m_zﬁN
Blais —aig) - Blas—aiq) Ny —
=A —— — N2 — — 28N
+as + 1512 Y +—5 +a B
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cN — -
:A—{—CLQ—FTl—NQ—}—Oé—ﬁN

(A50)

Using (A35) and (A25), the utility of original type-2 workers in city s under WFH is given by

. — —  ¢Ny _
A + wag(Lis, Nog) + o — S(N1s + Nag) :A+a2—N2+71+a—BN

Hence, as stated in the text, welfare is the same for type-2 workers with and without WFH.

B.3.2 When city s only has an amenity advantage

(A51)

Note that all the expressions used in this section assumes A; > Ay but a15 = a1g = a1. To compare

N{, and Ni,, note that using (A5) and (A26),

48 +4 > 2¢
= 48 <4 +4—2¢c

— 40 < 2(46+2—c¢)
Ay — Ay Ay — Ay
15 2@4B+2-0)

As— A Ny As— A Ny
S d 71 S d +71:Niks

:}N = - -
s B T2 Toapr2—0 T2

To compare N3, and Na,, note that using (A7) and A(24),

0< _As—Ad
2048 —c+2)
No A, — A Ny
NZSZ 2 d 2 *

2 So4pr2-o 2
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To compare Ny, + Ny, and N1, + Ny, note that using (A9) and (A25),

48 <48 —c+ 2
As_Ad> As_Ad
443 46+2—c

—

= Nisg+Noy=———+->——F7 +

As—Aq N _ A, -A; N .
46 2 T 4B+2—-c 2

To compare N1, and Ly, note that using (A26) and (A28),

As — Aqg
0<2(4,8+2—c)

E As_Ad FQ AT
To=t2 o A= o g
e T Sy 3@z 2 b

To compare Ny, and Li,, note that using (A5) and (A28),

Ay — Ay
0<3ap—c+2)

F1 As_Ad F1
L=t fs=Ad N e
e Ty N3t 2 b

To compare N}, + Ni, and L1, + Ny, note that using (A9) and (A29),

A, — A
0<—d
2048 —c+2)
— N Ag — Ay N
—5 Lig+ Noy = — = = N5+ Nj,
B = S <SS B 2 —0 | 2 1s A
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To compare wi, = wis(N7,, N3y) and wis = wis(L1s, ]V;S), note that using (A12) and (A34),

c—2 0
48 —c+2 <
(As —44)(2 —¢)
= T Uf-cry 0

(As — Ag)(2 —¢) n cNy
248 — c + 2) 2

— Ny
— wiy = a1 — _N1<a1+CTQ—N1:U)15 (A58)

To compare wi,; = wiq(Nyy, Noy) and wig = wld(fl/d, ]72;), note that using (A14) and (A36),

2—c¢
4,8—c+2>0
(As — Ag)(2 —¢)
2if—c+2) O

(As —Ag)(2—¢) cNy

—— * =
B TG e s 2

. N,
—N1>a1—|—072—N1:w1d (A59)

To compare w3, = was(N7, N5,) and was = wgs(m, ]/\72/3), note that using (A14) and (A35),

c—2
4B+2—c<0

(A A)2—0)

2(48+2—c¢)

(As —Ag)(2—¢) cNy
2(48+2—c) 2

= wi, =az —

. N,
—N2<a2+CTl—N2=w25 (A60)

To compare w},; = waq(N7,, Noy) and wag = wgd(m, ]v;i), note that using (A14) and (A37),

2—c¢ 0
4ﬁ—|—2—c>

(As — A44)(2—¢)
2i5+2—c)
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(As — Ag)(2—¢) cNy

> ¥ =
R R s

— N, —
—N2>a2+02—1—N2:w2d (A61)

Using (A5), (A7) and (A8), the utility of original type-1 workers in city s in the non-WFH

equilibrium (which equals the utility in city d) is given by

As + wiy, + a—26(N{, + Nyy)

A—A; N
— A4 ay— 2N 4 eNf +a—28(-2s—fd %
+ a1 1s TNy +« ﬁ<4ﬂ—|—2—c+ 2)
As— Ay —  c(As—Ay)  cNa  28(As— Ay —
— Ay a2 N - _ 4N
T Mt sugra—o T2 T apraoe PN Te
Ny, A, —A —
_AS+CL17N1+C22* 5 d*,@N+O&
A+ A Ny — _
=B+ 2N o N (A62)

Using (A34) and (A25), the utility of type-1 workers in city s under WFH is given by

As + Wiy + o — 28(Nig + No)

a; + aq cNy — Ay — Ay Ni + Ny
— A, A vl
+ 5 + 5 N 2,3( 18 + 9 + o
A+ A Ny — __
= 0+ 2 - Nita -GN (A63)

Hence, as stated in the text, the computations above yield the same utility for the type-1 workers

with and without WFH.

Using (A5), (A7) and (A8), the utility of original type-2 workers in city s in the non-WFH
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equilibrium is given by

AS +w;s +a— 25(Nfs +N§s)

o A~ Ay N
:As+a2_2N25+Cle+a_2/8<4l88—c—i-2 2>

AS — Ad C(AS — Ad) . 26(143 — Ad)

—  — Ny
=A - — BN — Ny + —
st s Y supra—0 ap—ct2 P 2ttt
A+ A N, — _
:%+a2+c2—l—Nz+a—BN (A64)

Using (A35) and (A25), the utility of original type-2 workers in city s is given by

A+ was + a — 28(Nig + Nag)

B cNT — A;— Ay N
—As+a2+—2 _N2_2/8<45 +2>+oz
A+ A Y — -
:%Jraw%—Nﬁa—ﬂN (A65)

Hence, as stated in the text, utility is the same for type-2 workers with and without WFH.

B.4 Comparative-Static Results

B.4.1 When city s only has a productivity advantage

When WFH is introduced, the change in type-1 worker population in city s is given by

v (s —ag)(1+8)  —clars — aiq)
N =M= da 52— 0c+2)  22+02—0)
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B 1+3 c
‘”“5‘“”<@ﬁ+2—o@+af+%2+@@—cﬂ (466)

The change in type-1 worker population in city d is also given by

1+ c )

@_Nfd:(als_ald) <(46—c—|—2)(0+2) +2(2+c)(2—0)

Partially differentiating (N7, — Ny S) and (N 1d — N7;) with respect to the difference of productivities

between the two cities yields

ON ~Nio) _ONu-Ny) 148 e
Oais —ayg)  O(ars —arg) (4B+2—¢)(c+2) 2(2+¢)(2—¢)

>0

Also, partially differentiating (N, — ]fV:;) and (]f\fz — N7 ;) with respect to the degree of comple-

mentarity between worker types yields

I(NY, = Nig) _ O(N1ia — Niy)

oc dc
1+ 5 0 ¢
= (a1s — a1q) <4ﬁc+8562+4) +% <(02)>

9
de
(14 B)(48 — 2¢) 8 + 2¢2
““_“d< (4Bc + 85 — &+4>>+<«4—@V>

2 2
2c+2Bc— 48 — 45 8+ 2c > (A67)

:(Cbls—ald) <(4BC+8662+4)2 4(4*@2)2

Given that ¢ = 0, assuming ¢ = 0 for computational simplicity reduces the above equation to

O(Ni, — Nig)  O(Nig— Nij)  —482 — 45 1 _ —3262 — 328+ (88 +4)> 452+ 48 +2 -
dc - dc - (88+4)2 8 8(88 + 4)2 (88 +4)2

(A68)
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The changes in type-2 worker population in city s and city d are given by

v o clais —ayg) B (c —2B)(a1s — a1q)
Nos = Now = Noa = Nod = 50 T 50— 0) ~ 2B —c+ 2)(c + 2) (469)

Assuming ¢ = 0 for computational simplicity and partially differentiating with respect to the

difference of productivities between the two cities yields

O(Ngs — N3.)  ON3, — Nag 28
O(ars —aig)  O(ars —aq) 166 +8 (A70)

Also, partially differentiating (Nog — N3,) and (N3, — Nag) with respect to the degree of comple-

mentarity between the two worker types yields

O(Nas — N3,)  9(N3y — Naa)

oc - oc
_(a1s—a1d)<4+02 Cas—ayg (88 +4 4882+ —4fc
B (

2 4 — ?)? 2 (4Bc+ 88 — c? +4)?

(a15—a1a) ( 4+ 88+4+88° 4 —4fc (AT1)
B 2 (4—c?)? (4Bc+ 86 — c? + 4)?
Assuming ¢ = 0 for computational simplicity reduces the above equation to
O(Nas — N3,) _ O(Nyy — Noa)
Jc Oc
(a1s —ag) (1 8B+4+85° 3282 + 328
— T " )Y =9 — ———— | >0 (AT72
9 4 (86+4)2 (als ald) 16(86“‘4)2 ( )
The changes in type-1 employment in city s and city d are given by
— —~—  ais—aig (1+B)(as — aiq)
Lis— N{,=N{;— Lig= — AT3
1s 1s 1d 1d 4— 2 4Bc—8B — 2+ 4 (AT3)
Assuming ¢ = 0 for computational simplicity and partially differentiating with respect to the
difference of productivities between the two cities yields
0Ly = NY,) _ ONjy =L _4Bc+86 - +4-(1+B)(d-) 45 (AT4)
d(a1s —arg)  O(ars — aiq) (4—c2)(4Bc+ 88 — 2+ 4) 4(85 +4)
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Also, partially differentiating (fl/s — Ny,) and (N, — E;d) with respect to the degree of comple-

mentarity between the the worker types yields

O(Lis — Nt) _ O(N{y—Lia) _ 0Ly ONY, _ (a15— ara)2c | (a1s — ara)(1 + B)(45 — 2¢)

dc B dc dc oc  (4—c2)? 4Bc+ 88 —c?+4

Assuming ¢ = 0, the expression above simplifies to

d(Lis — NY,)  (a1s — a1a)(1 + B)B
oe 28+ 1 >0 (AT5)

B.4.2 When city s only has an amenity advantage

When WFH is introduced, the changes in type-1 worker population in city s is given by

As — Ag As — Ag
43 2(48+2—c)

= (4, — Ay) <415 - 2(45+12—c))

48 —c+2 -2
-0 (52

NlS_Nl*s =

(As — Aa)(45 — ¢)

_ AT6
4848 +2 —¢) (A76)
The changes in type-1 worker population in city d is also given by
— As — Ag)(48 —
Nig— Nia = (4.~ 445 — o) (ATT)

48(48 — c+2)
Partially differentiating with respect to the difference of amenities between the two cities yields

(N5 — Nt  O(Niy — Nig) 48 — ¢

O~ Ag)  0(A—Ap) 4B@B-c12) " (AT78)
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Also, partially differentiating with respect to the degree of complementarity between worker types

yields

O(Nis = NY,) _ O(Nfy— Nia)
Oc Oc
_As—Ag ((2 —c+48)(=1) + (e — 4ﬂ)(—1)) o —2(As - Ag)
4B (48 — c+2)? © 4AB(48 — c+2)2

<0 (A79)

The changes in type-2 worker population in cities s and d are given by

* AT AT * Ag— A
st—N2s:N2d—N2d:2 = 4

(48 —c+2) (480)

Partially differentiating with respect to the difference of amenities between the two cities yields

O(N3, — Nag)  O(Nog — N3, 1

0y —Ag)  OA—Ag) 2B -ci2) " (A81)

Also, partially differentiating with respect to the degree of complementarity between worker types

yields

O(N3, — Nag)  O(Naa—N3)) A= Aq . A— Ay
R P TVY: B A S A TV B gl (A82)

The changes in type-1 employment in cities s and d are given by

A, — Ay

Nfs*fl/sszd*Nfd:T

(A83)

Partially differentiating with respect to the difference of amenities between the two cities yields

O(N{, — Lis)  0(Lw—Nj) 1
oA~ Ay oA, Ay 45" (A84)

Also, partially differentiating with respect to the degree of complementarity between worker types

yields

O(Nj, — L1s)  O(Lia— Ny
9 = 5 =0 (A85)
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Appendix C

Chapter 3

C.1 Alternate Specifications

To further justify the use of a negative binomial regression model instead of a Poisson model, Fig.
A1 shows the deviation of Poisson predicted death values and negative binomial predicted values
from the observed values for dataset (A) when zero-death cities are excluded. As is visible from
Fig. A6, the negative binomial model seems to predict the observed values better than the Poisson

model, further justifying the use of that model.

The deviations of predicted death values from actual values using logged and unlogged vari-
ables for dataset (A) is plotted in Fig. A7. As can be seen, the deviations are much lower for the
unlogged regression for observed death counts below 4 (approximately). For death counts above
4, the deviations are lower in the logged regression. In addition, Fig. A8 shows that deviations of
predicted values from the observed values of deaths in dataset (B) are mostly lower when logged

rather than unlogged independent variables are used in the negative binomial model.
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C.2 Results from linear regression analysis of officer-

involved deaths

This section offers a robustness check on the main results. Instead of using a negative binomial
model, Table A1l shows the results from using a linear model on the same cross-sectional and lon-
gitudinal panel. Following Buehler (2017) and Edwards et al. (2018), the deaths statistic has been
standardized by dividing it by the total population in millions. The independent variables, crime in-
dex, police employment, Black population and Hispanic/Latino population, are also converted into
rates by dividing them by city population for each year. Since population-standardized measures

are already employed, the linear regression does not include non-minority population.

Columns (1) and (2) of Table A12 correspond to inclusion and exclusion of cities with zero-
deaths, respectively. The results show that median income, the crime rate and the police employ-
ment rate are significantly correlated with the officer-involved death rate. The signs of these coef-
ficients as well as their significance reiterates findings from the negative binomial model. However,
the coefficients of the Black and Hispanic/Latino population shares are not found to be significant.
As discussed by Fryer (2018), differences in current research findings on racial bias in officer-involved
shootings stems from differences in research design. Hence, the contrary conclusions on racial dis-
parity from different regression designs may not be surprising. Also, the non-randomness of the
residuals with respect to the fitted values of the residual-versus-fitted plot (available on request)
suggests that the assumptions required for Ordinary Least Squares are not met. This fact, coupled
with the very low R? values associated with these regressions, suggests that the results should be

treated with caution.
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C.3 Results from Analysis on Police Employment Lev-

els

Table A13 displays results from running an OLS regression on dataset (A) with police employment
as the dependent variable and the other controls (except the crime index, owing to a potential
simultaneity bias) as unlogged independent variables. Non-minority population, Black popula-
tion, Hispanic/Latino population and median household income are positive and significant factors
correlated with the size of police force in a city. Quantitatively, while an increase of a million
non-minority population correlates to an increase of around 2500 police, more than double that
increment (about 5900) is associated with the same increase in Black population. While it makes
intuitive sense that police forces are large in more populous cities, the difference in coefficients
might suggest racial disparity in the choice of police employment, especially given that the regres-
sion controls for median income. While these are intuitive findings, neither the sex ratio or a city’s

democratic affiliation has a significant effect on the size of police force.

Fig. A6: Deviations of predicted values of deaths corresponding to different models using

dataset (A)
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Fig.
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Fig. A8: Deviations of predicted values of deaths from dataset (B)
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Table A12: OLS regression on datatset (A)

Dep var: Death rate per 1,000,000

(1)

(2)

Crime index

Police employment

Median income

% Black

%Hispanic

Sex ratio

Democratic Affiliation

O-cities
State fixed effects
Year fixed effects

Adjusted R?

Observations

44,507
(2.85)

1562.08*
(503.27)

—62.75"
(26.01)

—0.13
(4.05)

-3.29
(3.05)

0.04
(0.05)

0.23
(1.12)

0.04

5262

43.49"*
(3.62)

2106.58""
(723.52)

—147.59**
(48.12)

—9.62
(6.07)

—8.53*
(5.16)

0.09
(0.11)

—0.44
(1.76)

0.04

2138

(1) Median income is in millions of dollars and death rate per million is calculated as 557

(2) Standard errors are in the brackets

(3) Significance levels are denoted by *p < 0.1, **p < 0.05, ***p < 0.001

(4) O-cities imply cities that have had no death]s'géﬁroughout

Deathcount
ulation
1000000




Table A13: OLS Regression from datatset (A) using only unlogged variables

Dep var: Police Employment (1) (2)

o 219.43*** 197.17*
Median income (56.84) (102.36)

o - 2502.50***  2550.90***
Non-minority population (25.39) (32.04)

5955.00"**  5952.39***
Black population (32.6) (40.42)

2927.50"  2915.31"**

Hispanic/Latino population (25.44) (31.66)
g : —0.06 —0.04
ex ratio (013)  (0.27)
Al —-1.77 3.85
Democratic liation (2.74) (4.18)
Year fixed effects Y Y
State fixed effects Y
O-cities Y N
Adjusted R? 0.96 0.97
Observations 9823 6303

(1) Non-minority population, Black population and Hispanic/Latino population are in millions while
median income is in millions of dollars

(2) Standard errors are in the brackets

(3) Significance levels are denoted by *p < 0.1, **p < 0.05, ***p < 0.001

(4) O-cities imply cities that have had no deaths throughout
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