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Hesitancy towards a COVID-19
vaccine and prospects for herd
immunity’

Linda Thunstrom,? Madison Ashworth,?* David Finnoff4 and
Stephen C. Newbold®
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The scientific community has come together in an unprecedented effort
to find a COVID-19 vaccine. However, the success of any vaccine depends
on the share of the population that gets vaccinated. We design a survey
experiment in which a nationally representative sample of 3,133 adults in
the U.S. state their intentions to vaccinate themselves and their children
for COVID-19. In the experiment, we account for uncertainty about the
severity and infectiousness of COVID-19, as well as inconsistencies in
risk communication from government authorities, by varying these
factors across treatments. We find that 20% of people in the U.S. would
decline the vaccine. General vaccine hesitancy (including not having had
a flu shot in the last two years), distrust of vaccine safety, and vaccine
novelty are among the most important deterrents to vaccination. Further,
our results suggest that inconsistent risk messages from public health
experts and elected officials reduce vaccine uptake. We use our survey
results in an epidemiological model to explore conditions under which
a vaccine could achieve herd immunity. We find that in a middle-of-the-
road scenario with central estimates of model parameters, a vaccine will
benefit public health by saving many lives but nevertheless may fail to
achieve herd immunity.
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1. Introduction

In an unprecedented effort, scientists from all over the world have come together to rapidly

develop a vaccine for COVID-19 (Callaway, 2020). Vaccines have historically proven to be
highly successful and cost-effective public health tools for disease prevention (Rémy et al.,

2015), and already by April 2020 more than 100 COVID-19 vaccine candidates had been

developed, several of which have advanced to being tested on humans (Le et al., 2020).

However, the effectiveness of a vaccine in controlling the spread of COVID-19 depends on
the uptake level of the vaccine in the population. A sufficiently high uptake of an effective
vaccine ensures protection for those vaccinated and may end the pandemic by generating herd
immunity, thereby protecting everyone, including those still susceptible to the virus (Fine et al.,
2011). For instance, Kwok et al. (2020) suggest herd immunity is reached when 69.6% of the
United States’ population has immunity either from a vaccine or previous infections. Recent
estimates based on data from outbreaks in China suggest the basic reproductive number for
COVID-19, Ro, might be higher than previously thought (as high as 5.7, see Sanche et al., 2020),
which implies herd immunity may be reached first when 82.5% of the population is immune

(Keeling and Rohani, 2008).

A barrier to reaching herd immunity is the prevalence of people who refuse or are hesitant to
take vaccines (MacDonald, 2015). In the U.S., this share of the population has grown in recent
years (Dube et al., 2013; Olive et al., 2018). For instance, the uptake level of seasonal influenza
vaccines has declined, in part due to vaccine hesitancy (Larson, 2018). During the season 2017-
2018 only 37% of adults got the flu vaccine, even though that flu season was particularly severe

(CDC, 2020a). Recent measles outbreaks in the U.S. and elsewhere illustrate the importance of
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vaccine hesitancy to public health, as the vaccine had succeeded in extinguishing measles in the
U.S. but under and non-vaccinated communities contributed to its reappearance (De Serres et al.,
2013; Sarkar et al., 2019). The World Health Organization (WHQO) named vaccine hesitancy one

of the top 10 threats to global health in 2019 (WHO, 2020a).

We examine the prevalence and determinants of avoidance of a COVID-19 vaccine in the
U.S. and how the anticipated level of vaccine avoidance affects the ability of a vaccine to
generate herd immunity. We also examine how vaccine avoidance is affected by information
about health risks associated with SARS-CoV-2 (the novel coronavirus), including conflicting
risk messages from public authorities. Risk perceptions have been shown to be key to vaccine
decisions (Brewer et al., 2007) and effective risk communication is acknowledged as the pillar of
a coordinated response to infectious disease outbreaks (Sell, 2017). Observational data suggests
that risk information provided in the beginning of the COVID-19 outbreak in the U.S. affected
people’s health behavior in response to the pandemic (Bursztyn et al., 2020; Simonov et al.,
2020). We examine whether inconsistent risk messages may similarly affect health behavior—in

our case willingness to vaccinate.

To measure vaccine avoidance and how it depends on risk levels and risk communication, we
design a survey experiment that elicits vaccination intentions of adults and their children.
Participants consist of a nationally representative sample (N=3,133) of U.S. adults. They are
randomized into eight treatments across which we vary the probability of infection, the
conditional mortality rate from COVID-19, and whether the different health authorities in the
U.S. provide consistent risk information. Specifically, we examine how vaccine avoidance is
affected by elected or appointed White House officials communicating lower risks from COVID-

19 than public health experts at the Centers for Disease Control (CDC). The lower level of risk
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communicated by the White House, compared to that of the CDC, is in line with reporting in

popular media at the onset of the current pandemic (e.g., CNN, 2020; MSN, 2020).

Next, we use an epidemiological model with susceptible, infectious, and recovered (SIR)
compartments of the population to examine how vaccine avoidance affects the ability of the
vaccine to save lives and generate herd immunity in an upcoming COVID-19 season. Given
uncertainty about the value of other key parameters that determine the performance of a vaccine
program, we examine vaccine success across ranges of vaccine hesitancy, vaccine effectiveness
in preventing infection for those vaccinated, immunity in the population, and the coronavirus

basic reproduction number at the onset of the season.

While vaccine hesitancy is growing, hesitancy is not equivalent to refusal—many people
who are vaccine hesitant do not entirely refuse vaccines. Instead, they either delay vaccines or
are willing to take some vaccines but not others (Dube et al., 2013). Also relevant for a COVID-
19 vaccine is the observation that people are more likely to reject new vaccines than familiar
ones (Dube et al., 2013). A U.S.-wide study found that around 10% of the population refuse all
vaccines, including seasonal influenza vaccines and those that comprise the recommended
vaccine schedule for children, while around 5% refuse only one vaccine. A substantial share
(40%) of those who agreed to at least one vaccine still expressed concerns about vaccines
(ASTHO, 2010). The fact that many who are vaccine hesitant are likely to take some vaccines,

while perhaps delayed, means it is possible that a portion of those currently reluctant to vaccinate

1 Our study relates to a rich body of literature on consumer responses to conflicting information, spanning multiple
scientific disciplines. While not an exhaustive list, examples of important work in this area are Viscusi and Magat
(1992), Magat and Viscusi (1992), Viscusi (1997), Viscusi et al. (1998), Rodgers (1999), Fox et al. (2002), Hoehn
and Randall (2002), Cameron (2005), Rousu and Shogren (2006), Kelly et al. (2012), Carpenter et al. (2014)
Hameen-Anttila et al. (2014), Pushkarskaya et al. (2015), Binder et al. (2016).



Covid Economics 35, 7 July 2020: 1-50

9328 PRESS

can be swayed (Leask, 2011). Here, risk communication may play an important role, given the

correlation between perceived risks and vaccine acceptance (Brewer et al., 2007).

Our study provides important knowledge at a critical point in time. Measuring the share of
the population that is reluctant to be vaccinated for COVID-19 can help policy makers, health
care workers and other authorities to plan ahead towards minimizing the impact on public health
from vaccine hesitancy. This might involve tailored public communication programs designed to
persuade vaccine hesitant individuals to accept a COVID-19 vaccine, or increased efforts to
ensure a high vaccine uptake level among the remainder of the population, or both. Knowing
why people are hesitant to accept a COVID-19 vaccine may enable design of more effective

efforts to increase the overall level of vaccine uptake in the general population.

The remainder of this paper is structured as follows. Section 2 describes the survey
experiment and the SIR model. Section 3 presents the results of the experiment and the projected
impact of vaccine avoidance on herd immunity and lives saved. Section 4 discusses the results,
limitations of the current study, and avenues for future research on avoidance of a COVID-19

vaccine.

2. Methods

2.1. Survey to examine vaccine intentions and their determinants
To examine people’s willingness to vaccinate for COVID-19, we design a survey experiment in
which participants were asked whether they would choose to vaccinate themselves or their
children. The survey experiment was approved by the IRB at University of Wyoming and was

pre-registered in the AEA RCT registry (RCT ID: AEARCTR-0005576).



Covid Economics 35, 7 July 2020: 1-50

9328 PRESS

We use a between-subjects experimental design with eight information treatments (2x2x2).
The experiment varies information on (1) the probability of the average American catching the
coronavirus, (2) the conditional mortality rate, i.e., the probability of the average American dying
if infected, and (3) the source of information for the probability of catching COVID-19 (CDC
only/CDC jointly with the White House).

While there are clear benefits to measuring the prevalence and implications of vaccine
avoidance at this point in time, before a vaccine is available, doing so comes with
methodological challenges—currently, the true probability of infection in the U.S. and mortality
rate from COVID-19 are unknown, due to limited testing. Further, these parameters might have
changed by the time a vaccine is available. Any study that measures the prevalence of vaccine
avoidance before health risks from COVID-19 are fully known needs to consider how this
uncertainty might affect the measured prevalence of vaccine avoidance, given the important role
of health risks to vaccine decisions (see e.g., Brewer et al., 2007). We deal with the uncertainty
by communicating different levels of risk across treatments. Further, previous studies suggest
beliefs about health risk are affected by who communicates the risk message (e.g., Frewer et al.,
1996; Breakwell, 2000; Calman and Curtis, 2010). We focus on risk messages delivered by
public health experts (i.e., the CDC) and White House officials, given they regularly address the
pandemic in the U.S. media. The public health risks from COVID-19 are still highly uncertain
and evolve with changing policies and individual behavioral responses to the outbreak. For this
reason, our information treatments entail presentations of hypothetical scenarios to participants,
as communicated to participants prior to the treatments (Step 2 below). While the contrasting
risk information treatments presented to our survey subjects were within the plausible range of

outcomes as understood at the time the survey was administered, no single information treatment
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can be said to represent the “true” risks. Further, the information treatments attribute statements
of risk made by the CDC or White House officials that are not direct quotes but rather are
paraphrased summaries designed to provide a clean contrast between the severity of the risk
communicated by the two sources, capturing the observation that the White House generally

communicates lower risk (CNN, 2020; MSN, 2020).

If participants are treated with information about the probability of infection from the CDC
only (the first four treatments to the left in Figure 1), then there is no discrepancy in the risk
information presented to participants, and high probability of infection=85%, while low
probability of infection=25%. If they are treated with information about the probability from
both the CDC and the White House (the four treatments to the right in Figure 1), the messages
from these sources are inconsistent. In these treatments, the probabilities communicated by the
CDC are complemented by lower probabilities from the White House (the White House’s high
probability=70%; the White House’s low probability=10%).? Hence, while the probabilities
communicated by the White House also vary between high and low, they are consistently lower

(more optimistic) than the probabilities communicated by the CDC).

The source of the treatment information on the conditional mortality rate of the disease is
stated to be “medical experts” and high mortality=10%, while low mortality=1.5%. Shereen et al.
(2020) estimate a conditional mortality rate, across 109 countries, for those infected by the virus

at around 3%, and Cascella et al. (2020) report a mortality rate of 1-2%, across multiple studies.

2 Note that we keep the disparity in risk communicated by the CDC and the White House constant (at 15 percentage
points) across both high and low infection risk treatments. Viscusi (1997) shows that the disparity in the risks
communicated by different information sources may affect trust in all information sources, such that a change in the
disparity in percentage point probabilities across high and low infection risk treatments could have affected trust in
both the CDC and the White House.



Covid Economics 35, 7 July 2020: 1-50

9328 PRESS

While the true conditional mortality rate for the U.S. is unknown due to limited and imperfect
testing for COVID-19, some of the uncertainty about the conditional mortality rate under current
health care conditions has been resolved since data collection for this study -- on June 26 2020,
Johns Hopkins University and Medicine (2020) and Roser et al. (2020) reported a U.S. case
fatality rate of 5.1%. The case fatality rate is higher than the true conditional mortality rate, given
it is the ratio of confirmed COVID-19 caused deaths and confirmed COVID-19 cases, and actual

cases are higher than confirmed cases.

Participants in our survey experiment were assembled by the survey company Qualtrics, who
was instructed to recruit a sample of 3,000 survey respondents who are representative of the U.S.
general population in gender, age, income, education, race, and residential region. Due to
oversampling by Qualtrics, our total sample size is N = 3,133. The advantage of using Qualtrics
over less costly alternatives, such as Amazon Mechanical Turk or Turk Prime, is that Qualtrics
continuously performs quality checks of their participants, including with regards to background
characteristics and screens for professional survey takers, which are otherwise known to
contaminate online panels (e.g., see Chandler and Paolacci, 2017, and Sharpe Wessling et al.,
2017). Participants received standard compensation for completing a Qualtrics survey. An
additional benefit was that Qualtrics could offer rapid data collection, which was important given
the information flow on COVID-19 that participants were exposed to outside of our study.

Approximately 80% of the data was collected between March 24 and March 31, 2020.

The sequence of the study was as follows:

Step 1: Participants were asked questions about their gender, age, education, race, income and

region of residence, to ensure the sample met U.S. national quotas for those characteristics.
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Step 2: All participants received the following information about COVID-19:

Coronaviruses (CoV) are a large family of viruses that cause illness ranging from the common
cold to more severe diseases.

Common signs of infection include respiratory symptoms, fever, cough, shortness of breath and
breathing difficulties. In more severe cases, infection can cause pneumonia, severe acute
respiratory syndrome, kidney failure and even death.

The new coronavirus (COVID-19) is still spreading globally, meaning that the risks to average
Americans of catching the disease (currently or in a near future) are still uncertain, as are the
risks of developing symptoms severe enough to cause deaths. In this study, we will present you
with plausible estimates of these risks, based on recent knowledge of the virus and associated
risks.

Public health risks caused by infectious diseases are often communicated by the Centers for
Disease Control and Prevention (CDC). The CDC was established in 1946 and is the

leading national public health institute in the U.S. It is a federal agency under the Department of
Health and Human Services. CDC's goal is to protect public health and safety through the
control and prevention of disease, injury, and disability.

Step 3: Participants were randomized into one of the eight information treatments.

If randomized into one the four treatments with CDC information only, participants saw
the following statement:
The Centers for Disease Control and Prevention (CDC) has estimated that the probability of
catching the coronavirus in the next 12 months is 25 [85] percent for the average American,
meaning that 25 [85] out of 100 Americans are expected to catch the coronavirus.
Medical scientists have estimated that 1.5 [10] percent of Americans who catch the coronavirus
will experience severe consequences leading to death, meaning that 15 [100] out of 1000
Americans who catch the virus are expected to die.

If instead randomized into one of the four treatments with both CDC and White House
information, participants saw the following statement:
The Centers for Disease Control and Prevention (CDC) has estimated that the probability of
catching the coronavirus in the next 12 months is 25 [85] percent for the average American. In
other words, the CDC estimates that 25 [85] in 100 Americans will catch the virus.
The White House has indicated that the probability of catching the coronavirus in the next 12

months is lower, namely 10 [70] percent for the average American. In other words, the White
house predicts that 10 [70] in 100 Americans will catch the virus.
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Medical scientists have estimated that 1.5 [10] percent of Americans who catch the coronavirus
will experience severe consequences leading to death. In other words, 15 [100] out of 1000
Americans who catch the virus are expected to die.

Step 4: All participants were asked to indicate their beliefs about the probability that they and
their children (if they had children) will catch COVID-19 (higher/lower/same as the probability
for the average American) and the probability that the average American will catch COVID-19.
Similarly, they were asked about the conditional mortality risk for themselves and their children
if they were to become infected (higher/lower/same as the probability for the average American),
as well as the conditional mortality risk of the average American.

Step 5: All participants were asked whether they would vaccinate for COVID-19. Before the
vaccine question, they were given additional information on the risks and benefits of the vaccine.
Because many people worry about vaccine side-effects, and because those worries might be
elevated when a vaccine is produced in a relatively short amount of time, we included
information about the vaccine being approved by the Food and Drug Administration (FDA),
following standard protocols. Specifically, participants were given the following information and
question about whether they would take the vaccine:

Numerous pharmaceutical companies are working to develop a vaccine against the

coronavirus. Before any vaccine can be provided to the public, the United States Food and Drug
Administration (FDA) must approve its use. The FDA grants approval only if the vaccine is
manufactured in compliance with all current regulations and medical scientists find that the

vaccine is effective and has minimal side effects.

Suppose that the vaccine was approved for use by the FDA and was available today from your
health care provider for free.

Also suppose that the vaccine is as effective as the flu vaccine in an average year, which is about
60 percent. In other words, 60 out of 100 people who are vaccinated would be protected from the
coronavirus.
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Would anyone in your family get the coronavirus vaccine under the conditions described
above?

Participants were asked to indicate WOULD get vaccinated or WOULD NOT get vaccinated,
for themselves. If they were parents of minors, they were also asked whether they would
vaccinate their child, if they had one child, and whether they would vaccinate their youngest and
oldest child, if they had multiple children. If they indicated one or more family members would
not get vaccinated, they were presented with a series of follow-up questions designed to
investigate the reasons for their choice.?

Step 6: Participants were asked about behavior undertaken to protect themselves from COVID-
19 (hand washing, avoidance of crowds and public spaces, etc), if they (or their children) had
received a flu shot in the last 2 years, if they were vaccinated for measles, if they generally
followed the recommended immunization schedule for children, and questions underlying the
psychological scale for vaccinations (for measles and flu vaccines) developed by Betsch et al.
(2018).

Step 7: Participants were asked about their information sources on COVID-19 (family, friends,
conservative media, liberal media, family physician, President Trump, etc), and their views about

the trustworthiness of a variety of information sources.

3 Note that we asked participants to suppose that a vaccine that was available today, although we expected
participants to understand that a vaccine was in fact not yet available. An alternative would have been to ask about
intentions to vaccinate at a future point in time, when a vaccine is more likely to be available. Our choice is based on
control over the experiment environment. Participants may differ in their beliefs about when a vaccine might be
available and how the risks of infection and death may evolve over the course of the outbreak, they might expect the
pandemic to have concluded before a vaccine is available, herd immunity to be near, or that they personally will
already have been infected. The recent polls that have measured COVID-19 vaccine hesitancy (see discussion in
Section 4) vary in how they have dealt with the timing of the vaccine when asking about the willingness to
vaccinate. Like our study, the poll by Pew Research Center (2020) asks about vaccine intentions if the vaccine was
available today, while the polls by ABC news/Ipsos (2020) and LX/Morning Consult (2020) ask about willingness
to vaccinate when a vaccine becomes available without specifying when that might be.
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Step 8: Participants were asked about underlying health conditions that would put them at higher
risk for severe consequences if they were to develop COVID-19 (e.qg., respiratory disease,
cardiovascular disease, obesity, diabetes, cancer, etc), see CDC (2020). They were also asked
about risk factors for contracting the virus (being a health care worker, living in an urban area,
etc).

Step 9: Participants were asked about their religious beliefs, questions underlying the social and
fiscal conservatism scale developed in Everett (2013), and their views about the currently
implemented social distancing measures in the U.S.

The full experimental survey can be found in the Supplementary Online Material.

Fifty-two percent of participants are female, and the mean age in our sample is 46 years.
Fifty-seven percent of participants have a minimum of some college education. Twenty-five
percent of participants fall into the low income category ($24,999 per year or less), 55 percent
into the medium income category ($25,000-$99,999 per year), and 20% into the high income
category ($100,000 per year or more). About 37% of participants identify as Republican, 41% as
Democrat, and 22% identify with neither political party. Nearly 37% of our participants live in a
rural area, and 81% believe in God. Around 55% of our sample had the flu shot in the last 2
years, and participants were nearly evenly split among the low, middle, and high levels of trust in
government agencies. Of adult participants in our sample, 82% have followed the recommended
vaccination schedule, and of participants with children, 86% have followed the recommended
vaccination schedule for their children. The Supplementary Online Appendix includes a table
with a more complete set of descriptive statistics as well as the variables included in the analysis

reported in Table 2.
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We examine the effect of the treatment information on perceived risk of COVID-19 as well
as the vaccination decision by conducting single pairwise statistical tests across treatments (see
Figure 1). Our ability to identify the treatment effects by excluding other control variables in the
statistical analysis relies on the assumption that the randomization of participants into treatments
was successful in eliminating any meaningful differences in relevant covariates across
treatments. If the randomization is unsuccessful, such that the value of covariates that are a priori
expected to impact the outcome variable (e.g., general vaccine hesitancy) differ across treatment
groups, then Athey and Imbens (2017) and Mutz et al. (2017) argue that it is appropriate to
control for those covariates in the statistical analysis. Therefore we also examine whether
relevant covariates (those included in Table 2 that we expected not to be affected by the
treatments) differ across treatments in meaningful ways. We follow Imbens and Rubin (2015)
and identify “meaningful” differences by calculating normalized differences in mean values of
covariates across pairs of treatments and designating an absolute value of the normalized
difference as meaningful if it exceeds 0.25 in absolute value. For no covariate, in any pairwise
comparison of treatments, do we find a value close to 0.25 (see Supplementary Online Material
for details on the outcome of normalized differences in means across subject characteristics and
attitudes across all treatments). We therefore conclude that the randomization in our experiment
was successful, and refrain from including covariates in our statistical analysis of treatment
effects. Note too that risk perceptions are not normally distributed, suggesting a non-parametric
Wilcoxon Mann-Whitney test is more appropriate than a t-test, when analyzing the data

presented in panel (a) of Figure 1.
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2.2. An SIR model of the effect of vaccine avoidance on herd immunity

To examine the effects of vaccine avoidance on disease spread, we develop a standard
epidemiological (Susceptible Infectious Recovered; SIR) model, following Hethcote (2000),
Anderson and May (1991), and discussed in Pindyck (2020). The set-up of the model is as
follows. The population is of known size N and consists of three classes of people—susceptible
(those who have not yet been infected by SARS-CoV-2 or vaccinated and so are still susceptible
to becoming infected), infected (i.e., those who are currently infected), and recovered (those who
have either been vaccinated or infected and have since recovered). We assume that the three
classes of people are large enough to be taken as continuous functions of time, t. The proportions
of the total population in each class are s(t), i(t), and r(t). We assume that those who are
recovered from COVID-19 are immune to the virus, but it is important to note that this has not
been established. While multiple studies find that people who have recovered from COVID-19
have developed antibodies, it is currently unknown whether that protects them from subsequent

infections and if so for how long (WHO, 2020b).

We assume a uniform population that homogeneously mixes.* The average number of
individual contacts with other people per day by an infectious person is 8, so the average daily
number of new cases is BNi(t)s(t). Infected people recover at a rate of y per time period. Some

people die before they can recover, at a rate of m per time period. The combination of recovery

and death results in a death-adjusted duration of infectivity, —, S0 that the adjusted average

1
v+

number of contacts of an infected person then becomes o = y-l—Lm' The average number of

4 For a recent contribution on how this assumption might affect the required population immunity level to achieve
herd immunity, see Britton et al. (2020).
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susceptible people who are infected by an infectious person is known as the replacement number
and given by as(t). At the beginning of an outbreak, s(t) — 1 and the replacement number is

the basic reproductive rate, R,. The initial value problem can be written as (suppressing time

notation):
1 Z=—gi (0) =
ST Bis, s(0) = s,
2. 2= pis—(y + mi, i(0) = i,
di .
3. = =yi, r(0) =19

dt

Asr(t) =1 — s(t) — i(t), the well-known solutions (Hethcote, 2000) can be found in the

_ Bis—(y+m)i _

(s, 1) plane by dividing equation (2) by (1) to find % T

1 .
-1+ s By separating

s@®)

variables and integrating we find that i(t) = iy + so — s(t) + Riln[s—]. Each solution is a
0 0

trajectory from an initial condition of infectious and susceptible people in the population (iy, so)

to the terminal condition at which the infection has been extinguished (0, sr). Herd immunity is

achieved at the threshold level of s* = Ri.
0
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3. Results

3.1. Prevalence of COVID-19 vaccine avoidance across risk, mortality and mixed
information.
Table 1 shows the outcome of the randomization in the survey experiment into the eight
treatment groups. For instance, 376 participants were randomized into the treatment group with

information about high conditional mortality (10%) and high probability of becoming infected
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(85%) communicated by the CDC only, while 413 participants were randomized into the
treatment group with information about low conditional mortality (1.5%) and low probability of
becoming infected (25%/10%) communicated by both the CDC and the White House. Note too
that the probability communicated by the White house is consistently lower than that

communicated by the CDC (see the four treatment groups to the right in Table 1).

Table 1. Treatment groups and their number of participants

Conditional mortality [%] 10 15 10 15 10 15 10 15
CDC infection probability [%] 86 8 25 25 8 8 25 25

White House infection probability [%] 70 70 10 10

n 376 400 384 391 413 393 363 413

First, we examine if the treatment information on the probability of developing COVID-19
affected participants’ beliefs about the risk of COVID-19. Panel (a) of Figure 1 reports
participants’ beliefs about the risk of the average American becoming infected in the next 12
months across the eight treatment groups. It shows that the high/low probability of infection
treatment succeeded in inducing variation in the perceived probability: the perceived risk of
becoming infected to the average American is higher in the high probability treatments than in
the low probability treatments. These differences in risk perceptions across high and low
probability treatments are large in magnitude (around 20 percentage points across all four
comparisons of perceived risk in high versus low probability treatments) and highly statistically
significant (Wilcoxon Mann-Whitney tests generate p<0.001 for all four comparisons). As

should be expected, the information on the conditional mortality rate from COVID-19 does not
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affect the perceived probability of infection, given the perceived infection risk only pertains to

the probability of catching the disease, not its mortality rate conditional on infection.

Percieved risk to average American Vaccine uptake level

0.87

63% g1y, 84% 1%

60
L

41% 42% 44% 429

40
L

Perceived risk in percent
20
|

Share that choose to vaccinate

) High P, HighM  High P,LowM  Low P, HighM  Low P, Low M o High P, HighM  HighP,LowM  LowP, HighM  LowP,Low M
I CDC [ ] CDCand WH I cDC [ CDC and WH
(a) (b)

High M=High conditional mortality=10%; Low M=Low conditional mortality=1.5%, High P=High probability of
infection=CDC: 85%; White House (WH): 70%, Low P=Low probability of infection= CDC: 25%; WH: 10%. Dark
grey bars received information from CDC only about the probability of infection; light grey bars received
information from CDC and the White House about the probability of infection.

Figure 1. Mean perceived risk of infection and vaccine uptake across treatments

Panel (a) of Figure 1 also shows that while the treatments succeeded in affecting risk beliefs,
participants were not basing their risk beliefs entirely on the information provided to them in the
experiment. Specifically, the mean perceived risk to the average American in the four high
probability treatment groups in Figure 1 range between 61 and 63.5%, which is substantially
lower than the probability of catching COVID-19 communicated by the high probability
treatment—recall that participants in the high probability treatment were told either that the
probability for the average American of catching COVID-19 in the next 12 months was 85% (if
getting information from the CDC only) or 85% according to the CDC and 70% according to the
White House. Similarly, the mean perceived risk in the low probability treatment groups range

from 40.8 and 44.2%, which is substantially higher than the level of risk communicated by the
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low probability treatments. Participants in these treatments were told either that the probability
for the average American of catching COVID-19 in the next 12 months was 25% (if getting
information from the CDC only) or 25% according to the CDC and 10% according to the White
House.

Finally, panel (a) of Figure 1 shows that participants’ mean risk perceptions might have been
affected by the lower probabilities communicated by the White House, although differences are
small. The mean perceived risk is lower in three out of four treatment comparisons. Specifically,
if treated with information entailing high probability of catching COVID-19 and low mortality,
risk perceptions are lower if the CDC information is complemented with lower risk information
from the White House (Wilcoxon Mann-Whitney test: z=2.367; p=0.018). Similarly, if treated
with information about high probability of catching COVID-19 and high severity, risk
perceptions are lower if the CDC information is complemented with lower risk information from
the White House, although this effect is only weakly statistically significant (Wilcoxon Mann-
Whitney test: z=1.656; p=0.098). The exception is when participants are treated with information
on low probability and high severity from COVID-19. Here, the mean perceived risk is
unexpectedly higher (41.6%, compared to 40.8%) when the CDC risk information is combined
with the lower risk information from the White house, although this effect is not statistically
significant, as implied by a Wilcoxon Mann-Whitney test (z=-0.154; p=0.877).

Next, we proceed to the focal point of our study and examine COVID-19 vaccine uptake
across treatments. When we pool participants in all treatments, we find that 19.5%
(n=612/N=3,133) of adults would not vaccinate themselves and 19.7% (n=228/n=1,156) of those

with children would not vaccinate their children against COVID-19.
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Panel (b) of Figure 1 shows that the share of people who choose to vaccinate ranges from
69% to 87% across treatments. There is little consistency in the response to the information on
conditional mortality from COVID-19; most pairwise differences in shares of people who choose
to vaccinate across high and low levels of mortality are too small to detect statistically. The
exceptions are the two treatments entailing information on low probability to catch the
coronavirus, communicated by both the CDC and White House. Contrary to our prior
expectations, for those treatment groups we find that people are more likely to get vaccinated

when the conditional mortality is low compared to when it is high (Pearson %2 (8.240); p= 0.004).

In contrast, panel (b) of Figure 1 shows that the vaccination decision generally responds to
the probabilities of catching the virus in the expected way—the share of people who choose to
vaccinate increases as the probability of infection increases. We find that when the conditional
mortality rate is high and information on the probability of infection is received from both the
CDC and White House, the share of people who vaccinate is 69% if the probability of catching
COVID-19 is communicated as low and 81% if the probability of catching COVID-19 is
communicated as high (Pearson y? (14.966); p < 0.001). When the conditional mortality rate is
low and information on the probability of infection is only received from the CDC, the share of
people who vaccinate is 81% if the probability of infection is low and 87% if the probability of
infection is high (Pearson 2 (4.676); p = 0.031). While panel (b) of Figure 1 shows that the share
of people vaccinating generally increases with higher probability of infection across other
pairwise comparisons of low and high probability treatments as well, we cannot statistically
detect those differences. Further, the exception is if the conditional mortality rate is high and the

probabilities of infection are communicated by the CDC only. Here, the share who choose to
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vaccinate is slightly higher if the probability is low, but this effect is small and far from

statistically significant (Pearson ¥? (0.051); p=0.821).

Panel (b) of Figure 1 also shows that people’s vaccination decisions are affected by the
White House communicating lower probabilities than the CDC. The share of people who
vaccinate is consistently lower in the treatments where the White House communicates lower
probabilities of catching COVID-19, compared to the CDC. The effect on vaccine uptake from
adding lower probability information from the White House is particularly large in the treatments
with low probability of infection and high conditional mortality rate. Here, the share that
vaccinates drops from 84 to 69% (Pearson y? (22.593); p<0.001), if the White House
communicates lower probability of infection than does the CDC. Similarly, there is a decline in
the share that vaccinates in the treatments with high infection probability and low mortality rates,
if lower risk information from the White House is included. Then, the share that vaccinates drops
from 81 to 78% (Pearson y? (5.756); p=0.016). Other differences in shares who vaccinate for
other treatments are too small for us to detect statistically. Overall, however, these results
suggest that inconsistent information about risks not only may affect risk perceptions (as shown

in panel (a) of Figure 1), it affects behavioral intentions.

Previous studies show that people find health risk information more believable if it is
received from sources that share their values (Siegrist et al., 2000; Siegrist et al., 2001). For
example, in a study of cancer cluster communication, Siegrist and colleagues (2001) found that
people were more likely to believe clusters could occur randomly when they believed risk
managers shared their values. Based on these findings, we hypothesized that individuals who
identify as Republican or conservatives would respond the most to the White House information.

However, we cannot detect any differences in responses to the White House information across
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Republicans and Democrats; both groups appear to be just as responsive to the more optimistic

White House information.
3.2. Determinants of vaccine avoidance

Next, we pool participants from all treatments to examine a broad range of determinants of the
vaccine decision. Table 2 shows the average marginal effects generated by a probit regression on

the decision to vaccinate for COVID-19 from a wider set of variables.

Table 2. Determinants of decision to vaccinate for COVID-19 — average marginal effects from a

probit regression.

Variable 0 Pr(vacc) /ox  Standard
errors
Treatment — Low Severity 0.023" (0.012)
Treatment — Low Probability -0.050™" (0.012)
Treatment — White House -0.053™ (0.012)
Female -0.058™" (0.014)
Low Income -0.036" (0.015)
High Income -0.026 (0.018)
Rural area 0.009 (0.013)
Prevention Measures 0.016™" (0.003)
Flu Shot 0.133™ (0.012)
Vaccination Schedule 0.025" (0.015)
Trust in Government Agencies — High 0.032" (0.016)
Trust in Government Agencies — Low -0.051™ (0.015)
Vaccine Confidence 0.168™" (0.015)
Vaccine Complacency -0.020 (0.020)
Vaccine Calculation -0.067" (0.014)
Vaccine Collective Responsibility -0.080™" (0.018)
Vaccine Constraint -0.012 (0.020)
Democrat 0.000 (0.015)
Other Political Party -0.038™ (0.016)

Belief in God -0.045™ (0.017)
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Perceived Risk of Catching COVID (High) 0.006 (0.017)
Perceived Risk of Catching COVID (Low) -0.061" (0.015)
Perceived Risk of Severe Consequences (High)  0.014 (0.016)
Perceived Risk of Severe Consequences (Low) -0.042"™ (0.015)
N 3,133

T p<0.01,  p<0.05, " p<0.1.

Above we estimated the treatment effects with no controls for potential confounding factors.
Here we include variables measuring the treatments in the regression analysis underlying the
results in Table 2, to reduce the risk of omitted variable bias. However, it should be noted that
the results in Table 2 are not sensitive to their inclusion, and the estimated effects of these
variables in the Probit model are consistent with the effect found in Figure 1. Specifically, the
variable Treatment — Low Severity takes the value 1 if the treatment communicated a low
conditional mortality rate, and 0 if it communicated high mortality. The results in Table 2
therefore reinforces the finding in Figure 1 of the unclear role of COVID-19 severity to the
vaccination decision. The average marginal effect from low severity is positive, suggesting rather
counterintuitively that a higher risk of suffering severe consequences from COVID-19 might
deter people from vaccinating. This result, however, is only weakly statistically significant. The
variable Treatment — Low Probability takes a value 1 if the treatment communicated low
probability of infection, and 0 if it communicated high probability. The marginal effect shows
that if the probability of catching COVID-19 is low, people are 5% less likely to vaccinate. The
variable Treatment — White House takes the value 1 if the CDC and the White House were
jointly communicating the probability of catching COVID-19, with the White House
communicating a lower probability than the CDC; 0 if the CDC alone communicated the
probability. Table 2 shows that the vaccination decision is affected by the White House

communication—people are more than 5% less likely to vaccinate if the probability of catching



Covid Economics 35, 7 July 2020: 1-50

9328 PRESS

23

the virus is communicated as 15 percentage points lower by the White House than the risk
communicated by the CDC.

Table 2 shows that women are 6% less likely to vaccinate than men, and low-income earners
are close to 4% less likely to vaccinate than medium income earners. We cannot statistically
detect an effect on vaccine intentions from being a high-income earner, compared to a medium-
income earner. Further, we cannot identify a difference in vaccine intentions between rural and
urban households. The variable Prevention Measures represents the number (ranging from 0 to
12) of preventive measures a participant takes to avoid getting infected by COVID-19. These
measures include washing their hands more, becoming better informed, praying to stay resilient,
and eating better. We find that people who are taking more of preventive measures are more
likely to vaccinate for COVID-19. Hence, while it would be entirely plausible that people who
reduce their risk of infection in other ways would choose to vaccinate less, we find the opposite —
those who self-protect in other ways are also more likely to vaccinate.

Table 2 shows the importance of general vaccination behavior and attitudes for the
vaccination decision. The variable Flu shot is a dummy variable that takes the value 1 if a person
took the flu shot in the last two years; 0 otherwise. The marginal effect for Flu shot shows that
people who took the flu shot are more than 13% more likely to also take the COVID-19 vaccine.
The marginal effects for Vaccination schedule shows that a person who has followed the
recommended vaccine schedule is almost 3% more likely to take the COVID-19 vaccine,
compared to someone who did not, although this effect is only weakly statistically significant.

We find that trust in government agencies matters to the decision to vaccinate for COVID-
19. We split the sample in three equal size groups for low (64% or lower trust), medium (65 to

88% trust) and high trust (89% or higher) of government agencies. The marginal effect for Trust
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in Government Agencies — High is a dummy variable that takes the value 1 if a person states high
trust in government. Table 2 shows that people with a high trust in government agencies are 3%
more likely than those of medium trust (the reference case) to get vaccinated, as implied by the
positive marginal effect for Trust in Government Agencies — High, although this effect is only
weakly statistically significant. People with a low trust in government agencies are 5% less likely
to get vaccinated than those with a medium trust in government agencies. This is consistent with
previous findings on the positive correlation between government trust and vaccine uptake (Lee
etal., 2016).

The dummy variables Vaccine confidence, Vaccine complacency, Vaccine calculation,
Vaccine collective responsibility, and Vaccine constraint represent the five key components of
Betsch et al. (2018) vaccine hesitancy scale. Vaccine confidence takes a value 1 if a participant
agrees with the statement “I am completely confident that vaccines are safe”; Vaccine
complacency takes a value 1 if a participant agrees with the statement “Vaccination is
unnecessary because vaccine-preventable diseases are not common anymore”; Vaccine
calculation takes a value 1 if a participant agrees with the statement “When I think about getting
vaccinated, I weigh benefits and risks to make the best decision possible”; Vaccine collective
responsibility takes a value 1 if a participant agrees with the statement “When everyone is
vaccinated, I don’t have to get vaccinated too.” Vaccine constraint takes a value 1 if a participant
agrees with the statement “Everyday stress prevents me from getting vaccinated.”

The average marginal effect for Vaccine confidence shows that people who are confident that
vaccines in general are safe are 17% more likely to take the COVID-19 vaccine. We do not find
an effect on the decision to vaccinate from people believing vaccines are unnecessary because

vaccine preventable diseases are uncommon, as shown by the marginal effect for Vaccine
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complacency. People who weigh benefits against costs for vaccines are almost 7% less likely to
get vaccinated, as implied by the average marginal effect for Vaccine calculation. People who
agree that they do not need to get vaccinated if everyone else is vaccinated are 8% less likely to
get a COVID-19 vaccine, as implied by the average marginal effect for Vaccine collective
responsibility. We do not find an effect on COVID-19 uptake from people agreeing that
everyday stress prevents them from getting vaccinated, as implied by the estimated marginal
effect for Vaccine constraint.

We do not find a difference in the probability of vaccinating for COVID-19 across
Democrats and Republicans (the reference case). People identifying with neither political party
are less likely than Republicans to vaccinate. The effects of the political party dummy variables
remain robust if we exclude Belief in God. People who state they believe in God are almost 5%
less likely to vaccinate, compared to non-believers.

Finally, individual risk matters to the vaccine decision. The dummy variable Perceived Risk
of Catching COVID (High) takes a value of 1 if participants believe their risk of catching
COVID-19 is higher than that of the average American, and the dummy variable Perceived Risk
of Catching COVID (Low) takes a value of 1 if participants believe their risk of catching
COVID-19 is lower than that of the average American. Compared to participants who believe
their risk is the same as that of the average American (the reference case), Table 2 shows that
participants who believe their risk of infection is lower than that of the average American are 6%
less likely to get vaccinated, while we cannot detect a difference in vaccine intentions between
participants who believe their risk is higher than that of the average American, compared to those
who think their risk is the same as that of the average American. Similarly, the dummy variable

Perceived Risk of Severe Consequences (High) takes a value of 1 if participants believe they face
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a higher conditional mortality rate from COVID-19 than the average American. While we cannot
detect a difference in vaccine intentions between those who think they are at higher risk of
severed consequences than the average American, compared to those who think they face the
same risk of severe consequences as the average American (the reference case), we do find that
those who believe they are at lower risk of severe consequences are 4% less likely to get
vaccinated, compared to those who believe they face the same risk of severe consequences as the
average American. Hence, while we do not find a consistent effect of the conditional mortality
rate of the average American on vaccine intentions, our regression results suggest beliefs about
the conditional mortality rate might still matter —people who believe their conditional mortality
rate is lower than that of the average American (28% of our sample) are less likely to vaccinate.
Taken together, this could imply that the average conditional mortality rate is relatively

unimportant to vaccine decisions, but beliefs about individual mortality risk matter.’

The effects reported in Table 2 are robust to a range of inclusions of other (non-significant)
explanatory variables, such as college education, race, underlying health conditions that
increases the risk of severe consequences if infected, or working in a high risk profession (health
care, teaching). They are also robust to the inclusion of either the compressed treatment variables
(the top three variables in Table 2), all eight treatment dummy variables, or no variables
representing the treatment effects. Further, despite many variables measuring different aspects of
vaccine hesitancy, the multicollinearity amongst the variables in the model is low, as implied by
a variance inflation factor (VIF) of 1.27.

Next, we examine the main reasons people state they choose not to vaccinate against

5 Many people might not relate to the mortality risk of the average American -- a majority (58%) of our participants
believe their conditional mortality rate is higher or lower than that of the average American.
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COVID-19. All participants who chose not to vaccinate themselves or their children where
asked: “You indicated that one or more of your family members would not get vaccinated. Please
mark the extent to which any of the below reasons mattered to your decision not to take the
vaccine.” The reasons are shown in Figure 2, and participants could mark if these reasons did not
matter at all, mattered some, or mattered a lot. Figure 2 shows the share of participants who

stated the reason mattered some or a lot, of participants who declined the vaccine.

The vaccine is too new

| worry about the side effects

The vaccine will not protect me

| avoid most vaccines

COVID19 is not severe enough

A doctor has recommended no vaccines
I do not have access to a vaccine

My religion prevents vaccination

0 2 4 .6 .8
Share who stated reason mattered

Figure 2. Reasons for declining the COVID-19 vaccine

Figure 2 shows that the most important reason to decline the COVID-19 vaccine it its novelty
and worry about negative side-effects, with 82% of those who declined the vaccine agreeing with
the statement “I worry the vaccine is so new we do not understand the side effects” and 80%
stating that “I worry about the negative side effects of the vaccine” mattered to their decision to

decline the vaccine. This is consistent with previous findings that people are particularly
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skeptical to new vaccines (Dube et al., 2013). Figure 2 also shows that general hesitancy towards
all vaccines spills over on the COVID-19 vaccine. Of those declining the vaccine, 72% state that
general avoidance of vaccines is an important reason for also avoiding the COVID-19. Other
important reasons for declining the vaccine are doubts that the vaccine will in fact provide
protection from catching the virus and the belief that COVID-19 is not severe enough to warrant

vaccination.

3.3. The effect of COVID-19 vaccine hesitancy on disease spread

We next use the SIR model to examine the implications of vaccine avoidance for the potential
effectiveness of a mass COVID-19 vaccine program, implemented at the beginning of an

upcoming COVID-19 season.

Panel (a) of Figure 3 shows the general solution to the SIR model in (s, i) space by the red
line for an initial condition (iy, s,). We calibrate the initial conditions to roughly represent
current (end April 2020) conditions in the U.S. — the population N is set to 327 million, i,
represents 1 million infected (1/327, or 0.3%; note that this is roughly the number of confirmed
cases, which may differ from actual cases, due to limited testing), r, represents 100,000
recovered (0.1/327, or 0.03%) and s, (99.67%) represents the rest of the population (the number
of deaths is small enough to not affect the results perceptibly). In panel (a) of Figure 3, we
assume a moderate level of R, =2.4 for the novel coronavirus, in line with estimates by Liu et al.
(2020) and Fergusson et al. (2020), and adopted in Thunstrém et al. (2020b). Panel (b) shows the
trajectory with a higher R, = 5.7, as estimated by Sanche et al. (2020). In the absence of a
vaccine or other means of controlling the virus, the infection would spread from the initial

condition in the lower right corner, following the upper red line to a peak in the proportion
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infected when herd immunity is reached at s*, after which the infection burns out, leaving s =

0 susceptible.
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Figure 3. Panel (a): epidemic solution at R, = 2.4 and N =327 million; i, = 0.3%; r, = 0.03%;
So = 99.67%; Panel (b): epidemic solution at R, = 5.7, all else same as (a). Upper red lines are
the unvaccinated paths of the epidemics, lower red line the vaccinated path. Panel (c): threshold
parameter combinations that allow v, = v,. Solid lines reflect initial conditions employed in
panel (a), dashed lines assume 30% recovered and immune.

The lower red lines of panels (a) and (b) in Figure 3 show the epidemic solution with a
vaccine. A vaccine program reduces the peak of infections and has the potential to accelerate the

burnout of the epidemic, leaving more people in the susceptible (never infected) class. A mass
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vaccine program can therefore be illustrated as an immediate reduction in the number of
susceptibles at the very beginning of the season, i.e., a reduction in s,. The critical proportion of
vaccinated that ensures herd immunity and burns out the epidemic (Anderson and May, 1991,

Keeling and Rhohani, 2019) is the reduction in the proportion of susceptibles from 1 to s*, or

v, =1- Rio , as shown in panels (a) and (b). The vaccine is deployed across v.N individuals,

and if mass vaccination is implemented after the initiation of the epidemic, then the critical
proportion of the population that needs to be vaccinated is v, = s, — s*, ending with s
susceptibles. If the vaccine is 100% effective (i.e., it entirely eliminates the risk of becoming
infected for those who are vaccinated), and the entire population is willing to take the vaccine,
then for an R, = 2.4, v, requires roughly 58% of the susceptible population to be vaccinated to
extinguish the epidemic and leaves 120.4 million people who never got infected (or s; = 0.368).
Foran R, = 5.7, then v, requires roughly 82% of the susceptible population to be vaccinated to

extinguish the epidemic and leaves 47 million people who never got infected (or s; = 0.145).

However, the outcome of a vaccine program in panels (a) and (b) of Figure 3 relies on the
highly optimistic assumptions that no-one declines the vaccine and the vaccine is 100%
effective. Vaccines are typically unable to completely eliminate the risk of becoming infected, in
part because many viruses can rapidly mutate. For instance, in a particularly successful season
when flu vaccines are well-matched to the circulating flu viruses, the flu vaccine may reduce the
risk of becoming infected with the flu virus by 40-60% (CDC, 2020c). Like the flu and measles
viruses, the coronavirus is an RNA virus, known to mutate relatively quickly. However, for
being part of that group, it so far has mutated slowly—data collected so far suggests the seasonal
flu mutates four times faster than the novel corona virus (Moshiri, 2020). To account for vaccine

avoidance and limited vaccine effectiveness, let h be the share of the population avoiding the
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vaccine and let the vaccine have effectiveness &, where a perfectly effective vaccine implies € =
1. Further, let v be the proportion of the population that is given the opportunity to vaccinate.

The resulting effective proportion vaccinated, v,, is then v, = (1 — h)v.

Panel (c) of Figure 3 illustrates how the success of a vaccine program in preventing another
outbreak depends on the value of key determinants of s, i.e., €, h, R, and the proportion of
recovered and immune, ry. We show ranges of possible values for these parameters, given their
precise values are still uncertain. Contours for R, and r, trace out the combinations of € and h
when the effective proportion vaccinated just matches the critical proportion, v, = v,,
documenting the (in)ability of the vaccine program to extinguish COVID-19. For combinations
of € and h below and to the right of each contour, the proportion effectively vaccinated is less
than the critical proportion, v, < v, and the vaccine program fails to prevent a COVID-19
outbreak of infections. In contrast, parameter combinations above and to the left of each contour

result in the epidemic being extinguished with no new wave of infections.

Let h = 0.20 be our baseline value of vaccine avoidance, as generated by our experimental
study, and let € = 0.60 be our baseline vaccine efficiency, since participants were told in the
experimental survey that the COVID-19 vaccine would be 60% effective, based on this being the
upper bound of effectiveness of the flu vaccine (another, but more rapidly mutating, RNA virus).
Finally, let r, = 0.03% be our baseline share of recovered and immune people.

At these baseline values, Figure 3 panel (c) shows that if R, = 2.4, then we are at a point
below and to the right of the relevant contour, or v, < v,. This means the vaccine program fails
to achieve herd immunity, and a next wave of infections will occur. Specifically, in this case, at

most 52% of the population could be effectively vaccinated, which is too low a share of the
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population to prevent an outbreak. Note that this result occurs even though Figure 3 assumes
rather optimistically that the vaccine program can target 100% of the population, i.e., v = 1,
such that all Americans are given the opportunity to take a COVID-19 vaccine. Panel (c) further
shows that if Ry=5.7, while h and r, remain at their baseline values, there is no level of vaccine
effectiveness that could extinguish the epidemic. With lower R, chances of preventing a new
outbreak increase. If Ry=2.4 and h and r, are maintained at their baseline values, a higher
vaccine effectiveness at € = 0.75 would be needed to prevent a new outbreak. At Ry= 1.45, then
v, > v, and the vaccine program could prevent another outbreak. Further, for very low R,
vaccine avoidance may have no impact at all on the ability of a vaccination program to
extinguish the epidemic. For example, if € =0.10 and R,= 1.05 (lower than any known estimates
of Ry with 0.03% recovered and immune, the epidemic burns out at any level of vaccine
avoidance below 55%. The higher is R, the steeper the slope of the contour at any given level of

h, reflecting a larger impact of vaccine avoidance.

Finally, our baseline assumption of the proportion of the population recovered when the
vaccine program is initiated, i.e., r, = 0.03, is based on current confirmed recovered cases. Given
limited and unreliable testing, the number of actual recovered cases could be substantially
higher. Panel (c) of Figure 3 shows the important role of the recovered proportion of the
population—if we assume a substantially higher proportion, e.g., 30% of the population such that
1o = 30%, the contours are pushed down and to the right (i.e., the solid lines are pushed to the
dashed). For R, = 1.05, the higher proportion recovered means the vaccination program
extinguishes the epidemic for all combinations of vaccine avoidance and vaccine effectiveness—
hence, this contour does not appear in the graph. Now consider the contours for R, = 5.7 and R,

=2.4.1fr,=0.03, h = 0.20, and € = 0.60, the vaccine program will experience an additional
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wave of infections as v, < v, at both Ry =5.7 and R, = 2.4. However, if the initial proportion
recovered were to be 30%, then the epidemic would be extinguished at h = 0.20, and € = 0.60

if Ry = 2.4, while not if R, =5.7.

Next, we return to Figure 3 panels (a) and (b) to explore the implications from the inability of
the vaccine program to extinguish COVID-19, see the lower red lines in both panels. Employing
the baseline parameter values r, = 0.03, € = 0.60, h = 0.20 and Ry, =2.4 in panel (a), the
proportion of peak infections rises by i, = 0.010 above the level that would have been if the
vaccine program had extinguished the epidemic. This is equivalent to almost 3.4 million excess
peak infections (not shown on the figure to avoid clutter). Further, the proportion of susceptibles
is s, = 0.048 lower at the end of the epidemic, which is equivalent to almost 15.87 million
fewer remaining susceptible people than if perfect vaccination were possible. If we consider R,
=5.7 as in panel (b) the resultant i, = 0.152 and s, = 0.113 provide 49.6 million excess peak

infections and 36.8 million fewer susceptibles at the end of the epidemic.

Importantly, panels (a) and (b) of Figure 3 are based on the assumption of few initial
recoveries, i.e., vy = 0.03%. If r, = 30%, then the proportion effectively vaccinated approaches
the critical proportion, v, — v, as shown by contrasting r, = 0.03% and r, = 0.30% in panel (c).
For the level of vaccine avoidance, vaccine effectiveness and R, underlying panel (a) in Figure
3, more than 10% of the current population would need to be recovered for v, = v,, while the

same proportion needs to be 34% for v, = v, at the higher R in panel (b).

While the above illustrates how combinations of levels of vaccine hesitancy, vaccine
ineffectiveness, the share of the population that is immune and R, pose some real challenges to

the success of a COVID-19 vaccine program, it also illustrates how vaccine avoidance reduces
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the effectiveness of a vaccine program and how, under certain conditions, it may even be the

deciding factor for whether a program succeeds in extinguishing the epidemic.

4, Discussion

A vaccine for COVID-19 might be the best hope for ending the pandemic. Scientists are
therefore racing to develop a vaccine, in unprecedented joint efforts within the scientific
community. However, the challenge to extinguish the novel coronavirus does not end with
finding an effective vaccine. The implementation of the vaccine program will be important. In
this study, we focus on the challenge posed to a vaccine program of vaccine hesitancy. What if
large parts of the population decline the vaccine, once it is available? Vaccine hesitancy is well-
known for other types of vaccines, and has increased in recent years (Dube et al., 2013; Olive et
al., 2018), for instance causing recent outbreaks of measles (De Serres et al., 2013; Sarkar et al.,
2019), a disease that was extinguished in the U.S. until recently.

In a survey experiment (N=3,133) that accounts for uncertainty in probabilities of infection
and conditional mortality rates, we find that around 20% of Americans would decline a COVID-
19 vaccine, and this proportion is consistent across adults and their children. This result is similar
to finding from recent polls. A survey by Pew Research Center (2020) finds that 27% of U.S.
adults would not get a coronavirus vaccine if it was available today, a poll by ABC news/Ipsos
(2020) suggests that 25% of U.S. adults were unlikely to get vaccinated if an effective
coronavirus vaccine was developed, and a poll by LX/Morning Consult (2020) finds that 9% of
U.S. adults would not get vaccinated if a vaccine became available while another 15% do not

know if they would get vaccinated.
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Our exploration of the determinants of vaccine avoidance suggests that the probability of
infection matters—the higher the probability of the average American to catch the virus, the
more likely people are to choose to vaccinate. Further, having had a flu shot in the last two years
is one of the most important determinants of vaccine avoidance observed in our study. Given
family physicians have records (although perhaps incomplete) of who had flu shots, this presents
an opportunity to identify people at particularly high risk of being skeptical towards a future
COVID-19 vaccine. Related, we find that general vaccine hesitancy also increases avoidance of
a COVID-19 vaccine, and the novelty of the vaccine and concerns about its safety are likely to

decrease the uptake in the population even further.

The outcome of a standard epidemiological model suggests COVID-19 vaccine avoidance
has important implications for public health. If we assume a vaccine will be available at the
beginning of the next COVID-19 season (or a season thereafter), and employ the currently best
available information about key parameters of the model (vaccine avoidance, vaccine
effectiveness, COVID-19 infectiousness, amount of recovered and immune individuals), we find
that a COVID-19 vaccine program can reduce the amount of infections but will likely fail to
generate herd immunity on its own. We extend the analysis to examine combinations of key
parameter values, including vaccine avoidance, that could ensure the vaccine program’s ability to
prevent a new COVID-19 outbreak. All else equal, vaccine avoidance poses a greater challenge
to the vaccine program if the infectiousness of COVID-19 is high, the effectiveness of the
vaccine in preventing infections is low, or the acquired immunity level in the population when

entering the next COVID-19 season is low.

Knowing about COVID-19 vaccine avoidance before a vaccine is available can help

government agencies, health care workers, and other authorities mitigate the impact of vaccine
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avoidance. Such efforts may involve developing policies and a preparedness for the vaccine
avoidance. It might also involve public information campaigns designed to increase confidence
in the effectiveness and safety of the vaccine. Here, our results offer insights that may be helpful.
First, our results underscore the importance of a uniform risk message from government
authorities. We find that inconsistent information from government authorities about COVID-19
risks may affect not only risk perceptions, but also health related behaviors—vaccine avoidance
increases if the White House communicates lower risks to COVID-19 than does the CDC. This
result relates to findings that risk information in the news had direct effects on people’s health
behavior during the pandemic (Bursztyn et al., 2020). Second, we find that distrust in the
government is higher amongst those who decline the vaccine. To address COVID-19 vaccine
hesitancy, broader public health campaigns may therefore be less effective. Instead, efforts might
focus on reaching out to health care providers (the most trusted source of vaccine safety
information, see e.g., Freed et al., 2011) and local authorities, including religious leaders. To
identify effective strategies to reduce COVID-19 vaccine hesitancy, government agencies will
likely benefit from the knowledge gathered during recent measles outbreaks—the COVID-19
vaccine decliners in our study share many attitudes with those generally avoiding vaccines
(MacDonald, 2015). Policy makers may also consider regulations that require people to have
COVID-19 vaccinations in order to attend schools and workplaces, similar in spirit to the bans of
philosophical exemptions from vaccinations in the wake of the recent measles outbreaks (Kuehn,

2019).

Our study has several short comings. First, we only consider one level of vaccine
effectiveness (60%) and it is possible that the level of vaccine avoidance observed in our study is

unique to that level. Second, our SIR model relies on the common assumptions that the
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population homogenously mixes, and all individuals are equally susceptible and infectious, if
infected. Britton et al. (2020) show that instead employing the more realistic assumption of
heterogeneous mixing in the population likely reduces the level of population immunity required
to achieve herd immunity, although extensive, and country specific, explorations of mixing
patterns would be required to narrow down the extent to which this might happen. The
underlying immunity level in the population required to achieve herd immunity in our model
might therefore be too high. Third, the uncertainty about both probabilities of infection and
conditional mortality rates is yet to be resolved, through more information generated by
increased testing, such that the upper and lower bounds of those variables employed in our
survey might turn out to be too low/high. Some of the uncertainty has resolved since the time of
data collection. The current case fatality rate (generally an overstatement of the conditional
mortality rate) in the U.S. is 5.1% (Johns Hopkins University and Medicine (2020); Roser et al.
(2020), which is lower than our upper bound of the conditional mortality rate (10%) and higher
than our lower bound (1.5%). This implies that the true conditional mortality rate is likely closer
to 1.5% than to 10%, which might be known to the general population when a vaccine becomes
available. That said, our results suggest the conditional mortality rate for the average American,
within the range explored in our study, might not matter much to vaccine decisions.® Future
research might examine more in detail the role of beliefs about conditional mortality rate to

vaccine decisions.

We also encourage future research to examine the relationship between vaccine effectiveness

and vaccine avoidance, as well as the relationship between vaccine costs and avoidance. In our

6 Also, if we calculate average vaccine avoidance for the treatments with low conditional mortality rate only
(n=1,597), we find that the prevalence of vaccine avoidance amounts to 81%, i.e., about the same as the average
vaccine avoidance for the study as a whole.
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study, participants were asked to consider a costless COVID-19 vaccine. Getting a vaccine will
be affected by some cost, whether it be a time, financial or inconvenience cost, such that the
vaccine avoidance in our study is likely on the lower end. A study that measures the cost people
are willing to bear for a COVID-19 vaccine may be helped by the literature examining
willingness to pay for health risk reductions, see e.g., Sloan et al. (1987), Smith and Desvousges
(1987), Viscusi and Evans (1990), Viscusi and Aldy (2003), Edwards (2008), Hammitt and
Haninger (2010), Alberini and S¢asny (2013), Finkelstein et al. (2013), Gerking et al. (2017).
Related, Serra-Garcia and Szech (2020) find that costs to COVID-19 antibody tests have

substantial negative effects on people’s willingness to get tested.

In the U.S., conflicting risk messages about COVID-19 are regularly communicated to the
public, by the media and public authorities, and have been shown to affect other types of health
behavior related to COVID-19 (see e.g., Bursztyn et al., 2020; Simonov et al. 2020). We
encourage future research to further explore the mechanisms by which conflicting risk
information affect vaccination decisions. For instance, Viscusi (1997) finds that disparity in the
risks communicated by different sources might affect how people process information—the
greater the disparity, the lower the trust in all information sources, Fox et al. (2002) show that
negative information dominates positive information when consumers form private values about
risky food, while Viscusi (1997) and Viscusi et al. (1999) show that people may place different
weights on information sources, depending on whether the sources communicate high or low
risk, even independent of the sources’ trustworthiness. Results from these studies could be
applied to COVID-19 risks, and generate important novel insights into risk communication in
response to this and future pandemics. Finally, other studies show that some preventive

behaviors during the current pandemic are motivated by prosocial attitudes (Campos-Mercade et
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al., 2020; Jordan et al., 2020; Thunstrém et al., 2020a). Future studies might similarly examine if

prosocial messaging might increase a COVID-19 vaccine uptake.

COVID ECONOMICS
VETTED AND REAL-TIME PAPERS
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We propose a simple method based on firms' balance sheets and sectoral
predictions of sales growth to determine the firms that will become
illiquid month by month as the Covid-19 crisis unfolds. We apply the
method to the population of Italian incorporated businesses to the end
of 2020. We find that at the peak, around 200,000 companies employing
3.3 million workers would become illiquid. The progression is fast, with
180,000 firms turning illiquid already by April. The liquidity shortage,
defined as the "negative” liquidity stock of illiquid firms, amounts to
72 billion. We evaluate the Italian government liquidity decree, which
provides guarantees for bank loans under four different facilities of
increasing complexity. Assuming that firms have access to all the
facilities, almost all firms are able to cover their liquidity shortfalls.
The issue is the speed of implementation: the facilities supplying more
liquidity are more complex to administrate, and many firms require these
facilities to cover their liquidity shortfalls. Overall, we conclude that even
in the case of a second wave after the summer, which would increase the
liquidity shortfall substantially, firms' liquidity needs are manageable
under the current schemes of liquidity provision.
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1 Introduction

A fundamental question to predict the economic effects of the Covid-19 pandemic is to un-
derstand their persistence, that is, if the economy will return quickly to its pre-crisis level or
if it will take a long time to reabsorb the fall in output. This depends on how many compa-
nies will go bankrupt from the liquidity crisis due to the fall in sales. Bankruptcies have long
lasting effects, prolonging the negative consequences of the shock. They amplify the real
(through input/output relationships) and financial (through trade payables and receivables)
contagion to other companies, which can have a chain effect on the entire economy. When
this happens, bad loans grow, and the infection is extended to the financial sector. There-
fore, it is important to provide firms with liquidity to avoid bankruptcies at this scale. This
is a shared goal, and the response by policymakers has generally been to provide whatever
it takes. In fact, most governments have set up some form of credit guarantee, particularly
for small and medium enterpreises (SME) OECD (2020). However, these policies need to
be credible; therefore, it is important to determine how much it takes: are the schemes that
governments provide sufficient to avoid massive liquidity-induced bankruptcies?

In this paper, we develop a simple accounting framework to determine which firms will
have liquidity constraints and to what extent. The general logic is very straightforward and
is based on three ingredients: the initial stock of liquidity, an estimate of the evolution of
cash flow month by month and the budget equation determining the evolution of liquidity.
The framework uses firms balance sheets to obtain pre-pandemic output and costs as well
as the initial stock of liquidity. It requires as an input the month by month estimate of
sales growth at the sectoral level which, given each firm’s previous year sales, make it pos-
sible to forecast sales evolution at the level of the firm. Costs are predicted using inputs’
elasticities, which allow us to use sales growth forecasts—mediated by the elasticity of each
input-to determine monthly outflows. Given an initial stock of liquidity, the budget equa-
tion determines the stock of liquidity month by month. When this value turns negative, we
classify a firm as illiquid. The absolute value of the negative liquidity is the amount of the
liquidity shortfall. Summing across all illiquid firms produces the aggregate liquidity needs
to avoid firms going bankrupt. The method is transparent and straightforward to imple-
ment.! Tt has been used by various institutions (Bank of Italy 2020, European Commision
2020, OECD 2020).

We apply the method to the population of Italian incorporated businesses, around
650,000 companies producing three quarters of the Italian private sector output. We con-
sider the period from March 2020 until the end of the year. Sales growth from more than
500 sectors is forecasted by Cerved, a data provider and credit rating agency that also
supplies firm balance sheets. The forecasts are carried out by Cerved sectoral experts, who
take into account both the legislation (the lockdown) and other economic factors (drop in
demand, effects of social distancing, disruption of supply chains etc.). We set all financial
outflows and tax payments to zero, based on legislative decrees that allow firms to postpone
them. Using time series data and taking into account a job retention scheme enacted by the
government, we assume that the elasticity of intermediate goods and services expenditure
to sales is 0.5 and that of labor is 0.75. In the baseline scenario, the lockdown is active
from mid-March to the beginning of May for non essential sectors. Then, activity gradually
reverts back to normal at different speeds according to sectoral characteristics. We exper-
iment with both input costs elasticities and the evolution of the pandemic, allowing for a
second wave in the Fall.

We find that the effects of the pandemic are very quick, with more than 180,000 firms,
employing 3.1 million workers, already becoming illiquid in April. The number of illiquid

LA brief note illustrating it was posted on the economists blog lavoce.info at the end of March and a code
with a mock dataset is available http://docenti.luiss.it/schivardi/policy-wor/policy-work/.
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firms peaks at 200,000 (employing 3.3 million workers) in September, and then it decreases
very slightly for the rest of the year. The amount of liquidity shortage, that is, the value of
“negative” liquidity of illiquid firms, is 40 billion in April. Then, it keeps increasing until
the end of the year, when it reaches 72 billion. Of these, more than 50 million are in firms
with less than 500 employees.

Next, we use the scheme to evaluate the coverage provided by the Italian Liquidity De-
cree, which supplies public guarantees to bank loans issued as a response to the pandemic.
The decree designs different facilities to provide loan guarantees, with the amount of guar-
antee decreasing with the size of the loan and with different conditions for small (less than
500 employees) and large firms. We find that theoretical coverage is complete: assuming
that firms have access to all the facilities, basically all firms are able to cover their liquidity
shortfalls. The issue then becomes implementation: in fact, the semi-automatic facilities
supply limited coverage, and only the more complex ones bring coverage close to full. How-
ever, the complex facilities require both bank screening (as the guarantee is not full) and an
approval from a government agency. Given that we forecast that many firms will become
illiquid quickly, there could be a congestion effect that prevents the full theoretical coverage
from becoming actualized. The key issue is therefore the speed of implementation. We
propose a simple scheme, according to which firms with good pre-crisis rating are granted
credit semi-automatically so that banks can deploy their screening capabilities for firms
with less solid rating, distinguishing illiquid but solvent firms from insolvent firms.

As stated above, our methodology has been employed by several economic institutions
(Bank of Italy 2020, European Commision 2020, OECD 2020) with comparable results. We
are only aware of three papers independently developed and related to our work. Carletti,
Oliviero, Pagano, Pelizzon & Subrahmanyam (2020) estimate the drop in profits and the
equity shortfall following the Covid-19 crisis for a sample of Italian firms, finding that they
are substantial. Compared to us, they focus on profits rather than liquidity, use a smaller
sample of 81,000 firms (our sample of 650,000 firms is the universe of incorporated firms) and
use a different methodology to estimate demand and costs. In particular, they assume zero
elasticity for intermediate goods and services (intermediates in what follows) which, as we
show in our exercise, has a strong influence on the estimates. De Vito & Gomez (2020) focus
on listed firms in 26 countries. Compared to our sample with a large majority of private
firms, listed firms on average hold more liquidity, so the share of firms becoming illiquid early
on is much smaller: only 10% within six months under the most adverse scenario, against
31% in our case. This is in line with the idea that listed firms are financially more solid and
lends support to the view that government schemes should target SMEs first. McGeever,
McQuinn & Myers (2020) carry out a similar exercise for Ireland. Compared to us, they
have no information on the firm’s stock of liquidity before the crisis and only focus on a
subset of highly affected sectors, for which they assume that sales go completely to zero for
three months. Also their treatment of costs differ. They estimate liquidity needs of between
2.5 and 5.7 billion. In related work, Schivardi, Sette & Tabellini (2020) use our framework
to analyze the possibility that government loan guarantees might induce “zombie” lending,
that is, the provision of credit to firms that were already insolvent before the crisis. They
conclude that due to the nature of the shock, which hits firms independently from their
economic and financial conditions, the amount of “zombie” lending is likely to be limited.

The rest of the paper is organized as follows. Section 2 illustrates the method and
describes the preferred parameterization. Section 3 applies it to the Italian population of
incorporated businesses and Section 4 evaluates the Italian Liquidity Decree. Section 5
explores alternative parameterizations in terms of the evolution of the pandemic and the
elasticities of inputs and Section 6 concludes.
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2 The method

In this section, we illustrate the accounting scheme and the choice of the parameters and
forecasts to implement it.

2.1 The accounting scheme

We construct an accounting framework that allows us to estimate the liquidity needs of firms
during the Covid-19 crisis. The framework identifies the month in which a firm becomes
illiquid (if any) and the amount of the liquidity shortage afterwards. The general logic is
simple and is based on three ingredients:

1. the initial stock of liquidity in the firm’s balance sheets
2. an estimate of the evolution of cash flow month by month

3. the budget equation governing the evolution of liquidity.

Specifically, for firm ¢ in month m of 2020, given an initial stock of liquidity Lo in February,
sales Sy, and outlays Cj,, the evolution of liquidity L, is:

Lim = Limfl + Sim - Cz (1)

for m =March, April,..., December 2020. To implement Equation 1, we therefore need L;g
as well as the monthly evolution of cash flow (sales minus costs). Based on this, we can
determine the month in which L, turns negative. In this case, a firm is defined as illiquid.
For each month m, the total (that is, for the whole economy) liquidity shortage TLS is the
sum of all the liquidity shortages of illiquid firms:

TLS; = Y |Liml|- (2)

Lim<0

The method requires information on firms’ balance sheets. Balance sheets are typically
available for all listed firms. In many countries, they are also available for unlisted incor-
porated firms. The Orbis database of Beurau Van Dick contains data for many countries
and is widely used in research (Kalemli-Ozcan, Sorensen, Villegas-Sanchez, Volosovych &
Yesiltas 2015). In our application to Italy, we use the Cerved database, which covers all
incorporated Italian businesses. By law, they are obliged to file their balance sheets every
year to the Firm Registry. We focus on the 650,000 non-financial firms which account for
approximately three quarters of private sector GDP. We use the most recently available
balance sheets, which are from 2018. Ideally, one would use those of 2019; however, note
that this is not a major limitation. In fact, while the exercise predicts liquidity needs firm
by firm, we are interested in the aggregate values. As long as the distribution of firms’
conditions is invariant between 2018 and 2019, the aggregate results will be unaffected by
idiosyncratic firm movements that leave the distribution unchanged.

From the balance sheets, we obtain the initial value of liquidity, defined as the value of
liquid assets reported in the balance sheets. For sales, we consider the sales of 2018 and
assume that absent the Covid-19 crisis, monthly sales would have been equal to 1/12 of the
total sales of 2018. We then apply forecasts of sales growth described in more detail in the
next subsection. In terms of firm costs, we assume that following the Italian government
decrees enacted during the crisis, all financial payments and taxes are suspended. Moreover,
we also assume that firms freeze their investment expenditures.? The only outlays left are

2 Accounting for financial payments is straightforward, and in an initial version of the procedure imple-
mented, before the government had frozen financial payments, we had taken them into account. We assumed
that each month, a firm had to pay 1/12 of the interest expenses reported in the balance sheets of 2018 and
1/12 of the mortgage payments, which were estimated as a fraction of long term debt.
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cost of labor and intermediates. To estimate them, we use the elasticity of each input to
sales, which allows us to determine the evolution of costs from that of sales. Given an
elasticity of each input to sales, ey s, ens, and sectoral estimates of the drop in sales for
each month compared to the pre Covid-19 value d;;,,, Equation 1 becomes:

Lim = Lim—1 + (1 = dim)Si — (1 — ewsdim) * Wi — (1 — eprgdim) * M; (3)

where L; = Lig013/12 is monthly sales according to 2018 sales and similarly for labor costs
W; and intermediates M;. To implement Equation 3, we need to determine the values of
dim, ews and €prg.

2.2 Sales forecasts and inputs elasticities

Sales forecasts for approximately 500 sectors were produced by Cerved sector experts.
Cerved is a data provider and credit rating agency that computes firms default proba-
bility (the score) used by banks to process credit applications. Sectoral forecasts are used
by Cerved in their predictive exercises. In the basic scenario, the lockdown lasts until the
beginning of May, as it actually did, and applies at the sectoral level according to the various
Government decrees that were issued during the acute phase of the pandemic. The key dis-
tinction is between essential sectors (food, health, delivery), which were allowed to continue
production, and non essential sectors, which had to shut down. The scenario then assumes
a period of partial opening that also varies by sector, and after that, activity gradually
recovers. In addition to the legal constraints, the sectoral estimates also take into account
sectoral exposure to Covid-19 specific effects, such as the possibility to work remotely, the
effects of social distancing, the reduction in mobility, etc. The appendix reports a detailed
description of the procedure, as well as a 2-digit aggregation of sales growth for 2020 with
respect to 2019. The most affected sector is air transportation, which records a drop of
46%. At the opposite end, online retail trade increases by 30% (see Appendix Table 3).
In the base scenario, it is assumed that the pandemic gradually disappears. Cerved also
computed a pessimistic scenario in which the virus returns in the Fall. We evaluate the
effects of the pessimistic scenario on firms’ liquidity in Section 5.1.

Table 1 reports descriptive statistics of firms, dividing them according to the predicted
sectoral drop in sales for 2020 with respect to 2019. We separate sectors in groups with a
drop of 20% or larger, between 20 and 10%, between 10 and 0%, and with non negative
sales growth. The group with the largest drop is by far the most populated, with more
than 300,000 firms. The two intermediate groups have approximately 130,000 firms, and
less than 60,000 firms record sales increases. Firm characteristics are very similar across
groups: while the mean values of employment, sales and liquidity differ somewhat due to
the skewed distribution with some large outliers, the 25" 50" and 75" percentiles are
remarkably similar, with a large prevalence of small firms in all clusters: the 75" percentile
of employment varies between 7 and 9. Average liquidity is around 400,000 euros, but the
median is much slower, at around 30,000 euros in all groups, while the 25" percentile is
always below 10,000 euros. This indicates that many firms have small liquidity buffers.

Next, we consider two indicators of financial fragility: leverage, which is defined as debt
over equity, and Cerved Group Credit Score, a riskiness indicator computed by Cerved that
takes values from 1 (very safe) to 10 (very risky).® As it turns out, firms are also very
similar across groups in terms of financial conditions. The statistics in Table 1 therefore
indicate that, not surprisingly, the crisis hit sectors with an intensity uncorrelated to sectoral
characteristics, at least related to size and financial health.

3Given that leverage is very skewed due to the large number of small firms with either no debt or very
low equity, we trim leverage at the 15% and 99" percentiles.
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Table 1: Firm Statistics by Change in Sales

Mean p25 Median p75 S.D. N. Obs.
> 20% Decrease
Employees 13.5 0 2 8 294 316,529
Sales 3,797 146 452 1,404 104,170 316,855
Liquidity 419 7 28 112 30,846 316,529
Leverage 1.09 0 0 0.757 2.9 291,176
Risk Class 5.43 4 5 6 1.64 311,238
10 — 20% Decrease
Employees 14.1 0 2 7 161 135,470
Sales 4,278 107 348 1,143 109,171 135,777
Liquidity 448 7 29 118 16,568 135,470
Leverage 0.907 0 0 0.494 2.64 127,563
Risk Class 5.21 4 5 6 1.54 133,717
0 — 10% Decrease
Employees 21.6 0 3 9 349 127,882
Sales 3,131 105 318 1,042 57,506 127,992
Liquidity 320 7 27 105 6,725 127,882
Leverage 0.854 0 0 0.444 2.52 118,746
Risk Class 5.05 4 5 6 1.58 126,359
10% Increase
Employees 174 0 2 7 233 57,917
Sales 6,489 154 585 2,209 70,270 57,953
Liquidity 583 8 34 135 16,072 57,917
Leverage 1.19 0 0 0.891 3.05 53,110
Risk Class 5.42 4 5 6 1.66 56,961

Note: The table reports descriptive statistics for firms characteristics, split according the drop in sales.
Leverage is debt over equity and is trimmed at the 1°* and 99" percentile. Risk class is from the Cerved
Credit Score, which takes discrete values between 1 (very safe) to 10 (very risky), with unit intervals.

The last input we need is a value for the two elasticities of labor and intermediates to
sales. To obtain a rough estimate of the two values, we use the balance sheets of Italian
non financial incorporated companies between 2005 and 2015, which contains a total of 3.9
million firm-year observations. We regress the percentage annual change (the log difference)
in intermediate expenditure and the wage bill on the percentage change in sales, controlling
for year and firm fixed effects. For intermediates, we obtain ;75 = 0.70. While purchases
of goods are highly elastic, due to the strong pro-cyclical behavior of inventories (Khan &
Thomas 2007), services expenditure, which includes rents and fixed contracts for the pro-
vision of telecom services, royalties etc., is more difficult to cut in the short run. Moreover,
these estimates are based on all changes in sales, including both small and positive ones,
but during the Covid-19 crisis the most important changes are large and negative. In the
presence of non-linearities and asymmetries, estimates based on the whole sample might
not adequately capture the response to a large negative shock. To check how firms respond
to such a shock, we repeated the regressions using only observations for which the change in
sales was below -0.1. The number of observations drops to 1.05 million and the elasticity to
0.62, indicating that large negative shocks are more difficult to accommodate. We therefore
assume a conservative value for the elasticity of intermediates of 0.5.%

4We are aware of the fact that our estimates do not account for endogeneity. However, we only use them
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For labor, the same exercises as above delivers eyg = 0.46 for the whole sample and
ews = 0.40 when focusing on sales drops of at least 10%. However, the labor elasticity
during the Covid-19 crisis critically depends on public supplement schemes. The Italian
government provides a job retention scheme that allows all firms to reduce paid work by any
amount and have the government pay workers for the income loss (the Cassa integrazione
guadagni or the Fund to integrate income). This greatly increases the elasticity of the wage
bill to production. The scheme has been extensively used by Italian firms: in April, the
number of hours paid was almost 900 million, equal to the total amount paid in 2009, the
worst year of the financial crisis, when GDP contracted by more than 5%. To account
for this, we set eyg to 0.75. This measure is renewed on a monthly basis, so it might be
discontinued before the end of the year. For simplicity, we assume that both elasticities are
constant throughout the exercise. Changing the values of the elasticities obviously affects
the absolute vales but not the general conclusions, as we show in some robustness exercises
below.

One final point is that input elasticities are likely to be asymmetric. We do not allow
for full adjustment — elasticities are smaller than 1 — for sales drop, allowing for frictions in
reducing inputs in the short run. However, for the few sectors that expand sales, assuming
low elasticities will boost cash flow, as the firm is allowed to expand sales with proportionally
smaller increases in costs. This might be sensible to the extent that some of the costs have
a fixed component. At the same time, elasticities for increases in output might be higher
than those for decreases.” To take this into account, we have experimented by assuming
that eyyg and €75 are smaller than one only when sales contract and equal to 1 when sales
expand. Unit elasticity is consistent with a constant return to scale production function
and no fixed costs.® We have experimented with this asymmetric parameterization, finding
that it makes very little difference because, as shown in Appendix Table 3, very few sectors
increase their sales during 2020.

3 Results

We now apply our scheme to the universe of Italian incorporated companies. For each
month, we compute the number of firms that are illiquid (firms for which L;,, < 0) and
the workers employed by these firms and plot their evolution from March to December of
2020 in Figure 1. The crisis is clear very quick: already in April, 180,000 firms, employing
3.1 million workers, become illiquid. The peak is reached in September, with 201,946 firms,
and then the number decreases very slowly for the rest of year. In terms of workers, in
September, 3.5 millions are employed by illiquid firms, which amounts to 12% of total
Italian employment.

Figure 2, Panel a) plots the total liquidity shortage (TLS) defined in Equation 2 as a
total and separately for firms above and below the 500 employee threshold.” The TLS is
12 billion in March, jumps to 40 billion in April and increases steadily until September by

to get a rough idea of the magnitude and interpret them conservatively to account for the exceptional nature
of the situation. In Section 5.2, we experiment with alternative values.

®Regression estimates only using positive sales changes deliver a slightly larger elasticity for intermediates
and a lower elasticity for labor.

SNote that we are not accounting for the cost of capital. That is, we do not impute any capital costs
in case of sales growth. Using survey data for Italian manufacturing firms with information on capacity
utilization, Pozzi & Schivardi (2016) show that the average degree of capacity utilization is 81%, with a
standard deviation of 13%; the 5" and the 95" percentile are 60 and 98%. This suggests that most firms
will be able to deliver the small increases in sales we predict for a few sectors without resorting to increases
in the capital stock and therefore without cash outflows.

"We use the 500 employee threshold to define SMEs because this is the definition used by the Italian
government in the liquidity decree that we analyze below.
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Figure 1: Illiquid firms and workers
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Note: The figure reports the total number of illiquid firms (Panel a) and the total number of workers in
such firms (Panel b) using Equation 3 to detect the firms for which liquidity has hit the zero constraint.

approximately 5 billion per month. After that, the growth slows to 2 billion per month,
reaching a peak of 72 billion in December. SMEs account for 2/3 of the total at the beginning
of the crisis and for 3/4 of the total in December.

Figure 2: Total liquidity shortage for all firms and by firm size
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Note: The figure reports the value of the total liquidity shortage (TLS) defined in Equation 4 for all firms
and distinguishes between firms above and below the 500 employees threshold.

TLS measures the value of the “negative” liquidity accumulated by firms that hit the
zero liquidity constraint. As such, it does not include the value of liquidity that firms had
before the crisis that is lost before hitting the zero liquidity constraint. To account for this,
we also compute the total liquidity loss (TLL), defined as the total liquidity lost by illiquid
firms:

TLL, =TLS+ Y Li. (4)
Lim<0

where L is the initial liquidity stock. Figure 3 reports the evolution of TLL and TLS to
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facilitate comparisons. In March, TLS is 12 billion and TLL is 17 billion. The difference
grows over time and reaches a maximum of 22 billion in December. Therefore, accounting
for the liquidity lost makes a difference, as illiquid firms do deplete a substantial liquidity
stock. However, TLS represents the largest component of TLL.

Figure 3: Total liquidity loss
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Note: The figure reports the values of the total liquidity shortage (TLS) and of total liquidity loss (TLL).

Table 2 reports firms’ characteristics separately for liquid and illiquid firms as of Decem-
ber 2020. The two groups are very similar in terms of size, with illiquid firms slightly larger
both in terms of sales and employment. Illiquid firms also have more trade credit and less
debt at the mean. However, their equity is lower: the mean is 1.2 million (median 47,000)
against 1.7 million (median 86,000) for liquid ones. Not surprisingly, the biggest difference
emerges in terms of the stock of liquidity, which is less than one fourth of that of liquid
firms both at the mean and at the median. Lower equity and liquidity implies that illiquid
firms were ex ante slightly more risky, with an average leverage of 1.56 against 0.8 (but the
median firm has zero leverage in both groups) and an average risk class of 5.9 against 5.0.
All in all, these values indicate that firms that turn illiquid were more financially fragile
before the crisis. However, the difference is mostly in the liquidity holdings, while other
characteristics are relatively similar.

4 Evaluating the Italian government liquidity guarantee de-
cree

The response of many governments to firms’ liquidity needs following the Covid-19 crisis has
been to set up schemes of credit guarantees for bank loans, particularly to SMEs. According
to an OECD survey of policies enacted by governments in 54 countries to contrast the crisis,
as of April 20", 2020, 52 of them had set up some form of government-provided financial
support for SMEs (see OECD 2020, Table 3). The analytical framework described in the
previous Section allows us to evaluate the extent of coverage provided by such schemes. We
therefore use it to analyze the coverage provided by the Italian scheme, set up in Decree n.
23 of April 8, 2020 (Decreto liquidita). The decree offers public guarantees that decrease
with the amount of the loan. In particular, for firms with less than 500 employees (SMEs
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Table 2: Liquid and Illiquid Firm Characteristics

Mean p25 Median p75 S.D. N.Obs.

Liquid
Employees 15 0 2 7 297 443,258
Sales 3,598 119 370 1218 96,927 444,037
Commercial Credit 835 0 5 231 17,911 443,258
Equity 1,725 24 86 350 73,183 444,029
Debt 1,386 0 0 71 126,481 443,911
Liquidity 559 12 44 164 28,448 443,258
Leverage 0.798 0 0 0.392 2.45 423,587
Risk Class 5.04 4 5 6 1.54 437,481

Illiquid
Employees 16.9 1 3 9 233 194,540
Sales 4,951 155 503 1,598 90,533 194,540
Commercial Credit 1,048 0 10 314 13,064 194540
Equity 1,216 11 47 214 80,356 194,540
Debt 937 0 0 195 14,636 194,540
Liquidity 105 3 11 39 1,336 194,540
Leverage 1.56 0 0 1.5 3.45 167,008
Risk Class 5.9 5 6 7 1.61 190,794

Note: The table reports descriptive statistics for firms’ characteristics before the crisis separately for liquid
and illiquid firms. Leverage is debt over equity and is trimmed at the 1°* and 99" percentile. Risk class
are from the Cerved Credit Score, which takes discrete values between 1 (very safe) to 10 (very risky), with
unit intervals.

in what follows), it offers:

e Measure 1: Full guarantee up to the minimum between 30.000 and 25% of 2019
sales.

e Measure 2: For firms with less than 3,2 million turnover, 25% of 2019 sales, with
90% government guarantee and 10% Confidi (an association for mutual guarantees)
guarantee.

e Measure 3: Up to 5 million with 90% government guarantee.

e Measure 4: Up to the maximum between 25% of sales and twice the labor costs of
2019, with a guarantee from 90% to 70% according to firm and loan size.

Measures 3 and 4 require the approval of a Government agency. Firms with more than 500
employees have access to Measure 4 only.

The government claims that this scheme mobilizes 400 billion euros which, according to
the numbers seen in the previous section, should be more than enough to cover liquidity
shortages. To check for this, we let firms borrow the maximum amount according to the
measures above and check which firms cannot cover their liquidity shortage with such bor-
rowing. Figure 4 shows that coverage is indeed complete: at peak, just 153 firms, employing
less than 13,000 workers, cannot cover their liquidity shortages.

Of course, this is the maximum theoretical coverage assuming that firms have access to
the maximum loan supply the decree allows for. However, as discussed above, the procedural
complexity of the measure increases with the amount it supplies. For example, Measure
1 offers SMEs up to 30,000 euro fully guaranteed. This measure is being implemented
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Figure 4: Illiquid firms and workers without and with the Decree
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Note: The figure reports the total number of illiquid firms (Panel a) and of workers in such firms (Panel b)
without and with the liquidity decree.

rather quickly, as it entails no risk for banks. As the loan amount increases, the government
guarantee stops being complete. This means that banks might need some time to process
applications, as well as to obtain the approval from the government agency. However, many
firms become illiquid very quickly, so it is essential that credit flows to firms quickly. To
check the amount of coverage from the different measures, Figure 5 reports the liquidity
shortages after borrowing the maximum amount on measure 1 and after adding measures
2, 3 and 4 sequentially. We perform this exercise only for SMEs, as large firms only have
access to measure 4.

Figure 5: Firms with liquidity shortfalls according to the liquidity measure
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Note: The figure reports the liquidity shortfalls with no borrowing, with borrowing from measure 1, then
when adding measures 2, 3 and 4. We only consider SMEs.

At peak, more than 100,000 firms are not fully covered by measure 1, and around
65,000 by measure 2. It is only with measure 3 that we obtain almost full coverage (Panel
a). Things are even more dramatic in terms of workers, as measures 1 and 2 are sufficient
only for small firms. In fact, almost 1.5 million workers are in firms that cannot cover their
liquidity needs with measure 2. With measure 3, which supplies up to 5 million euros,
the number of uncovered firms and workers drastically drops to 1,430 firms and 197,473
workers. However, the measure only entails a 90% guarantee, so banks will have to screen
borrowers. Additionally, the measure requires approval from the government. According to
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our calculations, over 60,000 firms will need it, implying that the banking system and the
government agency will have to process a large number of applications in a short period of
time.

One way to speed up the process is to provide a two-stage procedure, using algorithms
that measure credit risk in a timely manner based on scoring models in the first stage. If a
company has a positive score, the credit should be given with a lean and fast investigation.
Banks’ specific skills in credit assessment should be committed to companies with weak
scores to distinguish between companies that still have development prospects, despite their
negative quantitative indicators, from those that do not. By their nature, the scores do not
incorporate soft information, that is, the information that banks develop through direct
relationships with their customers or that can be collected through direct investigation of
the applicants. Soft information is important in cases in which hard information raises a
red flag.

To assess how much this approach would reduce the preliminary investigation, we used
the Cerved Credit Score. Of the 110,000 companies that will need liquidity in April, around
90,000 fall into the first seven classes, considered solvent. These firms should get credit
quickly with simplified procedures. The reduction in the number of detailed investigations
would allow banks to devote more time and resources to carefully but quickly screen the
20,000 companies in the risk area.

5 Alternative parameterizations

We now experiment with two changes in the parameterization. First, we re-run the exer-
cise under a more pessimistic scenario on the evolution of the pandemic and the size and
persistence of the drop in sales. Second, we vary the elasticities of inputs. To facilitate
comparisons, we report graphs in which the alternative parametrization are compared with
the basic one.

5.1 Pessimistic scenario

As we write, the Covid-19 pandemic has greatly receded since its peak in March and April.
However, there is a concrete possibility of a second wave of the epidemic after the summer.
Cerved sectoral experts have also produced sales growth predictions in this pessimistic
case. The predictions are based on the assumption that the contagion comes back starting
in September and picks up in October with a less strict lockdown due to the experience of
the first phase, which has made the population more aware of how to contain the contagion.
Also in this case, the impact and length of the new lockdown are differentiated by sector
to take social distancing needs into account. The last column of Table 3 in the Appendix
reports the sectoral growth rates at the yearly level under this pessimistic scenario. GDP
would fall by 12% in 2020 and sales would decrease on average by 18%, with a more than
20% drop for 33 out of 79 sectors.

Figure 6, Panel a) reports the results for the number of firms. By construction, the
number of illiquid firms is the same until August and jumps discontinuously in October
to 236,000 against less than 200,000 in the basic scenario. It remains stable around that
value until the end of the year. Workers in illiquid firms (unreported for brevity) jump to
4 million, with an increase of 600,000 units with respect to the basic scenario.

Panel b) of Figure 6 plots the TLS. The increase is more substantial than it is for the
number of firms because in this case, not only does the extensive margin contribute to
the increase (more firms become illiquid), but so does the intensive margin (illiquid firms
accumulate further negative cash flows). At the peak in December, TLS reaches 106 billion,
34 billion above the basic scenario. This indicates that despite the fact that the learning

COVID ECONOMICS
VETTED AND REAL-TIME PAPERS



Covid Economics 35, 7 July 2020: 51-69

9328 PRESS

63

Figure 6: Illiquid firms and TLS in the base and pessimistic scenarios
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Note: The figure reports the number of illiquid firms and the TLS for the basic and the pessimistic scenarios.

process of the first lockdown might mitigate the adverse consequences during the second
wave, the impact on the economic system will be substantial.

5.2 Elasticities of inputs

As discussed above, the preferred values of eyrg = 0.75, 376 = 0.5 were based on modifying
the regression elasticities to take into account a policy intervention (the temporary layoff
scheme that increases the labor elasticity with respect to the estimated value) and the speed
of the crisis, for which the elasticity of intermediates expenditure was lowered with respect
to the estimated value. We now assess how results change if we stick to the estimated
values. We consider 3 scenarios: one in which the labor cost elasticity is equal to its
estimated value of 0.46 while keeping the intermediate cost elasticity at 0.5, one in which
the labor cost elasticity is at its basic value of 0.75 while the intermediate elasticity equals
its estimated value of 0.7, and one in which both elasticities are at their estimated values
of 0.46 (labor) and 0.7 (intermediates).

Figure 7, Panel a), plots the number of firms for the basic and three alternative scenarios.
When we decrease the elasticity of the cost of labor from 0.75 to 0.46, more firms become
illiquid, as the cost reduction following a drop in sales gets smaller. The effect is however
not dramatic: at peak (September), 15,000 more firms, employing 445,000 workers, become
illiquid. The increase in TLS (Panel b) at the end of the year is around 7 billion, a 10%
increase with respect to the basic parametrization.

When we increase the elasticity of intermediates from 0.5 to 0.7, the changes are more
substantial. The total number of illiquid firms in September drops by 40.000, which repre-
sents a 20% decrease. TLS also drops substantially from 72 to 43 billion, a 40% drop. The
stronger influence of intermediates is a consequence of the fact that they represent a much
larger share of costs than labor: for the median firm, the ratio of labor to intermediate costs
is in fact 20%.

In the final experiment, we change both elasticities simultaneously, setting them to
their estimated values of 0.46 for labor and 0.7 for intermediates. In line with the previous
results, the increase in the elasticity of intermediates more that counteracts the decrease in
the labor elasticity so that the number of illiquid firms and the TLS is lower than in the
basic case.

Summing up, a second lockdown would have strong consequences on firms’ liquidity
needs. In terms of input elasticity, the results are more sensitive to the intermediates;
elasticity than they are to the labor elasticity, as the former represents a larger share of
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Figure 7: Illiquid firms and TLS under different elasticities of inputs
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Note: The figure reports the number of illiquid firms and the TLS for four different parametrizations of the
elasticities of inputs.

firms’ expenditures.

6 Conclusions

We have constructed an accounting scheme to predict firms’ liquidity needs during the
Covid-19 crisis. We have applied it to the universe of incorporated firms in Italy. We find
that a substantial number of firms become illiquid early on. At the same time, the liquidity
shortage is large but not unbearable: it amounts to less than 4% of Italian GDP. This is
because the large drop in sales goes together with a drop in costs, which limits the effects
on the cash flow. We also show that the measures enacted by the Italian government,
in the form of credit guarantees to supply firms with liquidity, can cover pretty much all
the liquidity needs. An important issue is then the speed of implementation: given that
we find that many firms become illiquid very quickly, it is of paramount importance that
governments’ measures are enacted quickly. Finally, a second lockdown would have large
effects on liquidity needs.
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A Sectoral growth forecasts

Sectoral forecasts are produced by Cerved, which adopted a sectoral methodology to fore-
cast the 2020/2019 growth rate of sales for the Italian firms. This was based on both
quantitative evidence (i.e. sectors in lockdown, length of lockdown, % of smart working)
and qualitative assessment (i.e. impact of social distancing) by sector experts. In particular,
Cerved analysts considered the following factors:

e Lockdown provisions. The Italian government introduced lockdown provisions
relating to commercial and production activities in order to contain the spread of
contagion, with less restrictive measures on certain activities specifically indicated
on the basis of Ateco codes (“essential activities”). A detailed breakdown of Ateco
classification has been considered to take into account different periods of lockdown
for different sectors.

e Operability of firms during lockdown. Many firms continued to operate in spite
of the lockdown through smart working or e-commerce. When available, statistics on
smart working and e-commerce intensity by sector have been considered.

e Social distancing impact on demand and supply. Social distancing impact on
demand and supply is strongly dependent on the firm sector: for example, restaurants
must guarantee a minimum distance between tables (impact on supply); on the other
hand, Covid-19 can change the customer preferences. For example, customers may
lower their demand of services if they perceive a risk of contagion (e.g. local transport
services)

e Impact of lower mobility on demand and supply. Lockdown provisions and
the necessity of social distancing have strongly reduced mobility, with effects beyond
transport services (e.g. tourism services). Forecasts considered such impacts.

e Impact on some specific sectors in terms of extra demand. Covid-19 has
raised the demand of particular goods or services. For example, demand of medical
protection, plexiglass articles, and e-commerce services boomed after Covid. Analysts
considered this factor in their forecasts.

e International trade impact. Covid-19 has strongly affected international trade
with an impact on both demand and supply. The dependence on international trade
in terms of intermediates and the impact of Covid-19 on destination markets have
been considered.

e Other relevant variables for specific sectors. Other variables or law provisions
have been considered if they influence the trend of specific sectors (e.g. raw materials
prices, government incentives on demand of bikes).

Based on such factors, Cerved produced forecasts for more than 500 sectors, charac-
terised by homogenous law provisions and homogenous supply and demand conditions.

For each sector, analysts produced differentiated year on year growth rate forecasts for
four different periods in 2020:

e Normal: January and February 2020

Lockdown: since March 9th, with a length depending on the specific sector;

e Transition: a period which depends on the social distancing provisions and/or impact
of Covid-19 on demand and supply;

e New normal: time left to the end of 2020, given the lockdown and the transition
period.
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The forecast exercise has then been made coherent with a consensus macroeconomic
scenario, thanks to the correlation between firm sales, firm value added and GDP. Based
on the described assumptions and the bottom-up approach, sales of Italian firms would
decrease by 12.9% between 2020 and 2019 (from 2,411 billions to 2,100 billions in the
sample analyzed ). The sectoral variability of forecasts is very high. If we consider the
detailed breakdown of more than 500 sectors, the strongest loss is in Ateco 591400 (Film
projection activity, -65%), while Ateco 479110 (E-commerce) is the best performer (+35%).
In Table 3, we show an Ateco 2 digit aggregation of the sectoral forecasts, ranked by loss.
We consider the four clusters (based on the magnitude of the sales loss in 2020) used to
split firms in descriptive Table 1.

The first group is comprised by 16 Ateco 2 digit sectors with a major loss of more than
20% between 2020 and 2019. There are different sub-groups according to the main causes
of the fall in turnover. First, sectors majorly impacted by lockdown, social distancing and
reduced mobility: transport, travel agency activities, accommodation services, catering,
film production. Second, oil extraction activities, which are affected by the lockdown by
the sharp reduction in the oil price and by reduced mobility. Finally, the manufacturing of
motor vehicles is expected to be affected by the sharp decline in international trade and by
more cautious consumer behavior.

In the second cluster, we identify 27 sectors with a drop in turnover between 10% and
20% and four main subgroups. First, non-essential manufacturing sectors that have suffered
from the impact of the lockdown on production and can be hit by difficulties in supplying
components from abroad due to the disruption of global supply chains. Second, real estate
and related activities which suspended activity during the lockdown. Another sector that
has suffered a drop in turnover due to the lockdown is the retail trade (other than food, i.e.
especially clothing), for which the social distancing measure are expected to make recovery
slower. Finally, the last group of sectors includes recreational activities for which supply
will continue to be reduced in order to comply with social distancing measures.

The third cluster includes 27 sectors with a drop of sales between 10% and 0%. These
sectors include activities that have been classified as essential but were nevertheless impacted
by Covid-19 due to the decline in demand of downstream sectors: suppliers of electricity
and gas, professional and technical services, accounting, wholesale trade. Health services
are also part of this group because despite being at the forefront of addressing the health
emergency, many activities not related to the emergency were suspended. In addition,
another group of sectors is penalized by the collapse of non-home consumption (e.g. drinks
and fisheries/aquaculture).

The last cluster includes sectors that have experienced a stable growth in turnover in
spite of Covid-19, such as utilities less linked to industrial production (water supply) and
food-related sectors. Finally, the best performers are the pharmaceutical sector, which has
received a strong boost to directly address the health emergency, and e-commerce, which
has benefited from a surge in demand from consumers.

COVID ECONOMICS
VETTED AND REAL-TIME PAPERS



Covid Economics 35, 7 July 2020: 51-69

68

9328 PRESS

Table 3: Annual sales growth by sector, base and pessimistic scenarios

Nace code Sector Description Base Pess
51 Air transport -46.0 -55.4
79 Travel agency, tour operator and related activities -43.8 -55.0
55 Accommodation -41.6  -51.2
56 Food and beverage service activities -30.1 -44.9
59 Motion picture, video television, sound recording -294  -434
6 Extraction of crude petroleum and natural gas -27.8  -36.3
9 Mining support service activities -27.7 -36.3
29 Manufacture of motor vehicles. trailers and semi-trailers -25.3 -35.2
49 Land transport and transport via pipelines -24.1 -33.1
50 Water transport -23.2  -33.8
52 Warehousing and support activities for transportation -22.9 -31.7
45 Trade and repair of motor vehicles and motorcycles -21.9 -28.9
14 Manufacture of wearing apparel -21.3  -29.6
91 Libraries, archives, museums and other cultural activities -20.6  -25.3
93 Sports activities and amusement and recreation activities -20.6 -25.3
24 Manufacture of basic metals -20.4 -28.5
92 Gambling and betting activities -19.8 -26.8
90 Creative arts and entertainment activities -19.7 -24.5
41 Construction of buildings -19.2  -27.0
8 Other mining and quarrying -17.7  -25.3
82 Office administrative and other business support activities -17.7  -23.9
28 Manufacture of machinery and equipment n.e.c. -17.5  -24.5
31 Manufacture of furniture -16.9 -25.7
15 Manufacture of leather and related products -16.9 -25.7
23 Manufacture of other non-metallic mineral products -16.4  -24.1
25 Manufacture of fabricated metal products? -16.2  -22.9
19 Manufacture of coke and refined petroleum products -16.0 -25.1
47 Retail tradef -15.6  -21.5
43 Specialised construction activities -154  -21.8
18 Printing and reproduction of recorded media -15.4  -21.3
71 Architectural and engineering activities -14.8 -19.5
30 Manufacture of other transport equipment -14.5 -22.6
13 Manufacture of textiles -14.3  -21.3
7 Rental and leasing activities -14.2 -20.3
58 Publishing activities -13.4  -17.7
16 Manufacture of wood and wood products, except furniture -13.4 -18.6
22 Manufacture of rubber and plastic products -13.3  -19.3
42 Civil engineering -11.8 -17.2
26 Manufacture of computer, electronic and optical products -11.7 -16.9
72 Scientific research and development -11.6  -17.8
27 Manufacture of electrical equipment -10.9 -17.4
53 Postal and courier activities -10.5  -74
73 Advertising and market research -10.5 -16.0
35 Electricity, gas, steam and air conditioning supply 94  -121
74 Other professional, scientific and technical activities -9.1  -12.8
86 Human health activities -8.6 -12.3
78 Employment activities -8.5  -10.7
69 Legal and accounting activities -8.2  -124
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Other in-store retail trade!
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Retail sale via mail order houses or via Internet
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-12.0
-15.2
-9.2
-11.2
-9.6
-12.8
-10.6
-10.5
-8.3
-10.4
-8.6
-6.2
-6.1
-8.0
-6.5
-7.8
-6.3
-5.4
-3.4
-5.0
-2.5
-2.5
0.0
-1.7
-0.2
-1.8
0.6
0.6
10.7
13.0
40.0

§ Except machinery and equipment
t Except for motor vehicles and motorcycles. Food, beverages, tobacco, via mail order or via internet
¥ Retail sale of food, beverages and tobacco in specialized stores and in non-specialized stores

Note: The table reports sectoral growth rates on 2020 with respect to 2019 under the basic and pessimistic

scenarios.
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This paper estimates the effect of non-pharmaceutical intervention
(NPI) policies on public health during the recent COVID-19 outbreak
by considering a counterfactual case for Sweden. Using a synthetic
control approach, I find that strict initial lockdown measures played an
important role in limiting the spread of the COVID-19 infection and that
Swedish policymakers would have eventually reduced the infection cases
by more than half had they followed those policies. As people dynamically
adjust their behavior in response to information and policies, the impact
of NPIs becomes visible with a time lag of around 5 weeks. An alternative
difference-in-differences research design that allows for changes in
behavioral patterns also confirms the effectiveness of a strict lockdown
policy. Finally, extending the analysis to excess mortality, I find that the
lockdown measures would have lowered excess mortality in Sweden
by 23 percentage points, with a steep age gradient of more than 30
percentage points for the most vulnerable elderly cohort. The outcome of
this study can help policymakers lay out future policies to further protect
public health, as well as facilitate an economic plan for recovery.
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1. Introduction

Coronavirus disease 2019 (COVID-19) is a viral respiratory illness caused by a new coro-
navirus, first reported in Wuhan, Hubei Province, China in November 2019. Over the next
few months, the illness rapidly spread to almost every country. In response, the WHO de-
clared COVID-19 a pandemic on March 11, 2020. As vaccines or medicines for COVID-19
have yet to be available, most countries around the world resorted to non-pharmaceutical
interventions (NPIs), or community mitigation strategies, to help slow the spread of the
illness. Some of the NPIs involve government measures to close schools and workplaces,
canceling and restricting public events and gatherings, shutting down public transport and
stay-at-home requirements, as well as restrictions on domestic and international travel, not
to mention general public information campaigns. By late March, nearly every country in
Europe have implemented these policies basically putting themselves into a nationwide lock-
down. These government policies remained in place until late May with a gradual easing of
some of the harshest measures. One country, however, stood out for its decision to remain
open: Sweden. In fact, Swedish officials chose not to implement a nationwide lockdown,
trusting that people would voluntarily do their part to stay safe. For example, while high
schools and universities have switched to distance learning, elementary and preschools have
remained open. In addition, while the government recommended people to stay at home,
many non-essential businesses such as restaurants, gyms and bars were still open, while gath-
erings up to 50 people were allowed. Given this divergence in the policy measures between
Sweden and the rest of Europe, I study the public health impact of NPIs by asking how the
trajectories of the COVID-19 infection and mortality would have evolved had Sweden opted
for more stringent lockdown measures.

In order to study this counterfactual scenario, I first employ the synthetic control method
(SCM) pioneered by |Abadie and Gardeazabal (2003) and analyze how a parallel (or “syn-

thetic”) version of Sweden would have evolved had it enforced a mandatory lockdown policy.

This parallel version of Sweden is first constructed through a data-driven process with weights
assigned to all possible donor countries that would best approximate the pre-lockdown char-
acteristics of Sweden (our “treatment” unit). Once the policy intervention takes place, we can
trace its effect with the evolution of the untreated synthetic control unit to assess the coun-
terfactual situation corresponding to the parallel regime where strict lockdown measures were
in place. The causal effect of the lockdown is measured by the post-intervention difference in
infection rates of the treatment and the synthetic control unit. It has been shown that the
synthetic control method offers several advantages over traditional difference-in-differences
or fixed-effect models as not only is the procedure a transparent data-driven one but also

it allows the effect of unobservable country heterogeneity to vary over time as discussed by
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[Abadie, Diamond and Hainmueller| (2010) and Tmbens and Wooldridge (2009)). I further

quantify the causal effect of counter-COVID measures by using a difference-in-differences

(DD) research design that allows for additional variables regarding people’s behavior. This
would enable us to understand how much of the observed infection rate dynamics is at-
tributed to the effect of NPIs by itself relative to voluntary changes in people’s behavior for
fear of infection.

The key findings from regression analysis are as follows. I find that the lockdown measures
played an important role in limiting the spread of the COVID-19 infection and that Swedish
policymakers would have contained the infection cases by more than half had they followed
similar policies implemented elsewhere. I also find that as people dynamically adjust their
behavior in response to information and policies, the impact of NPIs does not manifest
immediately but only with a time lag of approximately five weeks. Profiling excess mortality
for the synthetic Sweden, I find that the excess mortality rate in Sweden would have been
reduced by approximately 23 percentage points had the policymakers followed strict counter-
COVID measures. The effectiveness in death prevention becomes disproportionately higher
by age, with more than a 30 percentage point reduction in the excess mortality rate for the
elderly cohort aged 85 and above.

This paper contributes to the ongoing discussion on the effectiveness of NPI policy re-
sponse to the COVID-19 shock, see Chen and Qiul (2020]); Gonzalez-Eiras and Niepelt| (2020));
[Ullah and Ajalal (2020); |(Goodman-Bacon and Marcug| (2020)); |Chernozhukov, Kasahara and|
and the contributions in the volume by Baldwin and di Mauro| (2020)).
Empirically, this paper extends cross-country experiences in the policy effectiveness. |[Cas-
[tex, Dechter and Lorcal (2020]) shows that the effectiveness of NPIs differ by various socio-

economic and public health systems, and the effectiveness of lockdown policies is declining

with GDP per capita, population density and surface area; and increasing with health expen-
diture and proportion of physicians in the population. In terms of scope and methodology,
the paper is closest in spirit to [Born, Dietrich and Miuller| (2020), hereinafter BDM, that

conducts a similar counterfactual lockdown scenario for Sweden using the synthetic control

method. Documenting infection dynamics of one month post-lockdown, they find that the
counterfactual Sweden did not differ from actual infection dynamics observed in Sweden.
In their discussion, they attribute this outcome to the voluntary precautions taken by the
general public that essentially had the same impact as a mandatory lockdown.

This paper extends BDM in the following aspects. First, I consider post-lockdown period
extending for two months, which completely covers the time horizon during which the initial
lockdown measures were fully in place outside Sweden. Consistent with BDM, I also find

that during the first half, the infection dynamics in the counterfactual Sweden was not
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lower than those in actual Sweden. However, over time, the counterfactual Sweden shows a
significant slowdown in the infection rate, which demonstrates that the lockdown measures
would eventually have a containment effect in the longer horizon. Second, using a difference-
in-differences approach, I formally control for the behavioral changes using Google Mobility
Tracker and show that the mandatory lockdown measures would have significantly reduced
the infection rate in comparison to a voluntary social distancing scenario.

The rest of the paper is organized as follows. Section [ describes the methodology and
data for the synthetic control approach. Section [3] presents the main estimation results and
robustness checks. Section [] extends the analysis to mortality and discusses the role of
voluntary social distancing, followed by a difference-in-differences estimation in Section [f

Finally, conclusion is provided in Section [6}

2. Data and Methodology

In this section I describe the synthetic control method (SCM) proposed by [Abadie and
|Gardeazabal (2003), and later developed in [Abadie, Diamond and Hainmueller] (2010)) and
|Abadie, Diamond and Hainmueller| (2015). The SCM is a popular approach for comparative

case studies, which has also been used to quantify the economic effects of shocks or policy
interventions. [

Under the synthetic control approach, we can generate a counterfactual designed to
capture how the infection rates would have evolved in Sweden had it followed a similar policy
approach (or a mandatory lockdown) taken by other European countries. This counterfactual
(or synthetic control) unit would track the actual path of infection rates in Sweden (our
treatment unit) as closely as possible prior to the policy intervention. After the policy
intervention, the control unit followed a path of mandatory lockdown measures while Sweden
did not. As such, the notion of policy intervention in our setting refers to the absence of
mandatory lockdown measures, or no changes in government policy. Due to difficulties in
picking individual countries that satisfy these criteria, we resort to a weighted average of
potentially comparable countries that best resemble the characteristics of Sweden prior to
the policy intervention. Any discrepancy in the infection dynamics between the two units
after the policy intervention can be interpreted as an outcome of the policy or the treatment
effect.

As the SCM exploits the pre-intervention data to form better counterfactual values, it
is often preferred over other program evaluation methods such as difference-in-differences in

comparative case studies.

1See (2020) for a broader overview of the methodology.
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2.1. Data

The outcome variable of interest is the infection dynamics as measured by cumulative
infection per million population. As for potential donor pool, I select 29 countries consisting
of the European Union members (excluding Malta due to lack of data) as well as Iceland,
Israel, Norway and Switzerland. As the infection dynamics varied across countries, we
normalize the time unit such that “Day 1” refers to the day on which the infection per
million exceeds one. For country-specific characteristics, epidemiological studies suggest
demographic factors such as population size and the rate of urbanization to be crucial to
understand the infection dynamics. I also include population density as it has been found to
catalyze the spread of COVID-19 by Rocklov and Sjodin| (2020]). The latest available figures
for all three country-specific covariates were taken from the World Development Indicators
(WDI).

Table 1: COVID-19 and demographic characteristics

Variables Sweden All donors (n=29)
COVID-19 dynamics

- Day 1 29 February 4 March

- Case per million on Day 1 1.18 1.51

- Lockdown day 28 March

- Pre-lockdown duration (days) 23.9

- Case per million on Lockdown day 199.6* 471.4

- Stringency Index (SI) on Lockdown day 32.4% 82.4
Demographics

- Population (million) 10.1 18.5

- Urban population fraction (%) 87.4 75.1

- Population density 24.7 146.7

Note: Day 1 refers to the date on which the infection per million exceeds one. Lockdown day refers to
the date on which the SI index reached the maximum. For reference, * denote the numbers for Sweden
on 24 March, 24 days since Day 1.

Next, for the policy intervention, lockdown measures consist of various socioeconomic
measures including school and workplace closing, cancellation of public events, restrictions
on gatherings, closing of public transport, stay at home requirements, restrictions on do-
mestic/international travels, as well as public info campaigns. As these measures took place
over different time with varying magnitudes, we resort to an all-inclusive index measure. The
OxCGRT dataﬂ provides a Government Response Stringency Index (Stringency Index, SI),

which ranges from 0 to 100 with each additional government response leading to a higher

2https://www.bsg.ox.ac.uk/research /research-projects/coronavirus-government-response-tracker.
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index Valueﬂ The Stringency Index varies across jurisdictions and time on a daily basis. 1
pick the date at which this stringency index reached its peak in each country to pinpoint
the timing of our policy intervention. Table [I] summarizes the COVID-19 dynamics as well
as country specific characteristics for Sweden and the simple average of all 29 donors.

It’s worth noting that the COVID-19 infection started a few days earlier in Sweden
compared to the average of all donor countries. For the latter group, it took around 24
days for a full lockdown measure was in place when the Stringency Index reached 82.4. For
Sweden, on the other hand, the index remained at 32.4 around the same time and never
reached higher than 55 during the whole period of our analysisﬁ For the demographic
covariates shown in the last three rows, we note that Sweden is characterized by a smaller
population with one of the highest urbanization rate and a significantly low population
density than the average of the donor group.

Next, we proceed to find the weighted average of the countries in the donor pool which
will generate the synthetic control unit for Sweden. The weights are assigned by minimizing
the distance between Sweden and the synthetic control unit along all three demographic
covariates as well as the average infection rates in the first 20 days since Day 1. Includ-

ing lagged terms of the dependent variable often helps mitigate the problem of omitting

important predictor effects as suggested by |Athey and Imbens (2006).

3. Results

Table 2 summarizes the predictor variables for the synthetic Sweden, which is constructed
as a weighted average of Finland, France and Norway, with the largest weight assigned to
Finland and followed by Norway.ﬂ Compared to the simple average of all countries in the
donor pool (as shown in Table , the synthetic control unit provides a much better matched
profile of Sweden along the predictors. In other words, the weighted selection of countries
seem more appropriate as a control unit than taking a simple average of all countries in
the donor pool. In the synthetic control approach, the root mean square prediction error
(RMSPE) measures the gap between the variable of interest for the treated country and its
synthetic counterpart. The last row of Table | reports the RMSPE for the pre-intervention
period.

3Hale, Webster, Petherick, Phillips and Kira provides detailed information on the construction of
the stringency index.

4No single country in the donor pool had the Stringency Index peaking below this maximum value for
Sweden.

5In the Appendix, Table breaks down the demographic and pre-intervention epidemiological profile
while Figure E shows the dynamics of the SI index for each country comprising the synthetic unit.
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Table 2: Predictor variables and RMSPE

Synthetic Sweden

Sweden
Finland (0.643), France (0.076), Norway (0.281)

Predictors

- Population (million) 10.099 10.047

- Urban population fraction (%)  87.431 84.126

- Population density 24.718 25.041

- Case per million (first 20 days) 42.830 42.843
RMSPE 8.605

Note: For countries with positive weights, the weights are shown in brackets. All other countries in the donor pool receive zero
weight.

Next, in the upper panel of Figure [I} I show the profile of infection dynamics for the
synthetic Sweden together with the actual Sweden. I consider a period of 75 days which
roughly corresponds to the entire months of March and April as well as the first half of
May. As many countries started to gradually ease some of the lockdown measures in late
May, the period under observation covers the full period of the initial lockdown. The policy
intervention takes places on Day 24—as indicated by the dashed vertical line—which falls
on the midpoint of lockdown dates of the three countries comprising the synthetic control
unit.

For the first two weeks upon the policy intervention, the cumulative infection cases in
the synthetic Sweden follow the actual Sweden quite closely or even higher than the latterﬂ
After this period of incubation, there is a divergence in which the actual Sweden follows a
much steeper path than its synthetic counterpart. By the end of our sample period on Day
75ﬂ, or roughly 7 weeks after the lockdown intervention, the infection case in Sweden reaches
around 2,700. On the other hand, the figures for the synthetic Sweden reaches slightly below
1,300. In other words, Swedish policymakers would have reduced the infection cases by
more than half had they followed similar policies implemented elsewhere, which signifies the
important role of the lockdown measures in limiting the spread of the COVID-19 infection.

The lower panel of Figure [I] generates a 95% confidence interval for the gap between the

two profiles using a methodology proposed by [Firpo and Possebom| (2018)). The gap becomes

statistically significant approximately five weeks after the implementation of the lockdown

measures. On one hand, this result is consistent with that of Born, Dietrich and Miiller|
(2020)), which looks at the first five weeks of the lockdown measures and concludes that the

6As an alternative, I convert the outcome variable into logs and show the profile in Figure in the
Appendix.
"This day corresponds to 13 May.

COVID ECONOMICS
VETTED AND REAL-TIME PAPERS



Covid Economics 35, 7 July 2020: 70-95

9328 PRESS

77

Figure 1: Profile of Infection Rates — Sweden vs. Synthetic Sweden

Covid-19 infection (Sweden vs. Synthetic Sweden)
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Note: Top panel shows infection case per million population for Sweden (in blue) versus
synthetic Sweden (in red dash). Bottom panel shows the gap between the two units with
95% confidence intervals. Vertical line indicates the date of policy intervention.
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mandatory lockdown would not have made significant differences in the infection rate in
Swedenﬁ However, expanding the horizon over the entire lockdown period, I show that the
epidemiological impact of lockdown measures takes places with a time lag and eventually

becomes more visible in the longer horizon.

3.1. Robustness Tests and Inference

To evaluate the credibility of the baseline results, I conduct placebo (or falsification) tests

based on permutation techniques, as suggested in |Abadie, Diamond and Hainmueller| (2010)).

One way the design of the study may influence the outcome comes from the choice of countries
in the donor pool with positive weights assigned. If dropping one country from the donor
pool creates a large effect on the results without a discernible change in pre-intervention fit,
this may require a reexamination if the change in the magnitude of the estimate is caused by
the effects of other interventions or by particularly large idiosyncratic shocks on the outcome
of the excluded country. As such, I perform a leave-one-out analysis, where I exclude from
the sample one-at-a-time each of the three countries that contributes to the synthetic control
in the benchmark. For each case, the new list of donors with positive weights as well as the
values of the predictors are shown in Table Bl In the benchmark, Finland was the country
assigned with the largest weight followed by Norway. Dropping Finland from the donor pool
generates a new set of donors consisting of Bulgaria, Croatia and Norway. On the other
hand, dropping out France or Norway from the donor list produced exactly the same new
donor list consisting of Belgium, Finland and Iceland.

Figure ] shows the results of a leave-one-out re-analysis. The resulting estimates for the
days after the policy intervention (in dashes) are all positive and centered around the result
produced under the benchmark. The main conclusion of a positive estimate of the infection
rates in Sweden over its counterfactual scenario of a mandatory lockdown is robust to the
exclusion of any particular country from the donor list.

Next, I run a cross-sectional placebo test (or “placebo in-space”) by sequentially applying
the synthetic control algorithm to each country in the pool of potential controls, which
generates a distribution of placebo estimates across 29 donors. We then can compare the
benchmark estimates of the truly treated economy with this distribution. The cross-sectional
placebo tests are shown in Figure ] The gray lines show the gap in the infection rates
between each country in the donor pool and its respective synthetic version. The thick red

line depicts the baseline results obtained for Sweden. Visual inspection shows that Sweden

8The construction of the synthetic control unit in [Born, Dietrich and Miiller| (2020) differs from mine as
they do not include population density as predictors. As such, their synthetic control unit has a population
density that is almost ten times larger than that of Sweden.
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Table 3: Leave-one-out robustness check

Synthetic Sweden

Sweden
(Benchmark)  (No Finland) (No France/Norway)
FIN(0.643), BGR(0.525)*, BEL(0.021)*,
Donors with positive weight FRA(0.076), HRV(0.088)*, FIN(0.908),
NOR(0.281)  NOR(0.386) ISL(0.071)*
Predictors
- Population (million) 10.099 10.047 6.102 5.299
- Urban population fraction (%) 87.431 84.126 76.138 86.246
- Population density 24.718 25.041 46.290 24.596
- Case per million (first 20 day)  42.830 42.843 43.851 42.884
RMSPE 8.605 4.304 14.117

Note: * denotes newly added countries with positive weights (shown in brackets) from each robustness check. Full list of
countries in abbreviation are as follows: BEL (Belgium), BGR (Bulgaria), FIN (Finland), FRA (France), HRV (Croatia), ISL
(Iceland), NOR (Norway).

Figure 2: Leave-one-out Robustness Test
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Note: New synthetic units from leave-one-out robustness check are plotted in dashes. For
reference, the average profile of all donors is plotted in blue dots. Red vertical dashed line
indicates the date of policy intervention.
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joins in the list of countries with positive treatment effect, but not necessarily at the right
tail of the distribution of treatment effects. However, towards the end of the sample period,

the treatment effect for Sweden is distinctly higher than most other countries.

Figure 3: Placebo-in-space Robustness Test

Placebo-in-space (Sweden vs. all donors)
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Note: Gap between the treated and synthetic control unit is plotted for Sweden (in thick
blue) and each of the donors (in gray). Vertical dashed line indicates the date of policy
intervention.

While the previous figure offers a visual evidence of the treatment effects over time, it

does not provide a numerical measurement that quantifies the overall significance of the

results. To overcome this issue, I follow |Abadie, Diamond and Hainmueller| (2010]), who offer

an alternative approach for an inference test by constructing exact p-values based on
, As the root mean square prediction error (RMSPE) measures the gap between the
variable of interest for the treated country and its synthetic counterpart, we can calculate
a set of RMSPE values for the pre- and post-treatment period for Sweden as well as each
country in the cross-sectional placebo test. Countries with negative treatment effect are
assigned with a minus sign to their post-treatment RMSPE value. I then compute the
country-specific ratio of the post- to pre-treatment RMSPE to quantify the post-treatment
divergence in the infection rate, relative to the estimated gap pre-treatment. The distribution
of this RMSPE ratio (from highest to lowest) is shown in Figure [} For Sweden, the RMSPE
ratio of around 80 is far higher than those obtained for other countries in the control group.
The ranking, converted into fractions, provide the basis for a p-value for Sweden, which

measures the probability of observing a ratio as high as the one obtained for Sweden if one
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were to pick a country at random from the list of potential controls. In our case, an exact
p-value for Sweden is 0.1 as Sweden ranks third out of 30 countries, which falls within the

conventional range of statistical significance.

Figure 4: RMSPE ratio

RMSPE ratio (Sweden vs. all donors)
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Note: Countries where the post-treatment infection cases consistently fall below those of its
synthetic unit are shown with a minus sign.

4. Discussion

4.1. Infection to Mortality

So far, the focus of the analysis has been the rate of infection. One caveat of our anal-

Covid Economics 35, 7 July 2020: 70-95

ysis using infection cases to assess the impact on the spread of COVID-19 is that Sweden
conducted very little testing compared to other countries. As the infection cases depend on
the number of testing, this most likely underestimates the true treatment effect. While this
issue is hard to resolve, one could take a look at the rate of mortality from COVID-19, and
compare how the NPIs impacted the rate of death during the COVID-19 crisis.

While national health protection agencies report daily death counts, some jurisdictions
include both confirmed and probable cases and deaths while others only report confirmed
cases. As such, daily reported figures for deaths are difficult to compare across countries.
Instead, I use excess mortality rate—the ratio of numbers of deaths over and above the
historical average between 2015 and 2019—as a more reliable source of information for com-

parison. The Short-Term Mortality Fluctuation data series (STMF) from Human Mortality
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Databaseﬂ offers weekly death counts by age groups and sex for 22 countries including Swe-
den as well as the countries assigned with positive weights in the construction of synthetic
Sweden in Section B} Finland, France and Norway. This allows me to generate weekly ex-
cess mortality for the synthetic Sweden and compare that with the profile of actual Sweden,
which is shown in Figure f] For reference, the top panel shows cumulative infection case
per million population on a weekly basis, and Week 13 (22-28 March) is the week in which
the policy responses began to diverge in the two groups. The bottom panel shows excess
death rates for Sweden and its synthetic unit. Prior to Week 13, there is no visible difference
in the excess mortality rates between the two groups. Leading to Week 13, however, the
excess mortality rate rises much steeper in Sweden and remains consistently higher than its
synthetic counterpart. At its peak, the mortality rate in Sweden is more than 40% above
its historic average, while the corresponding peak for the synthetic unit is around 15%. On
average, as summarized in Table[] the excess death rate over the 10 weeks post-intervention
period in Sweden is 28.5 percent higher than its historic average. In contrast, the corre-
sponding rate in its synthetic version is 5.4 percent higher than the historic average. In
other words, the excess death rate would have been more than 23 percentage points lower
had the Swedish policymakers follow similar policies adopted by its parallel counterpart.
As the database provides mortality information by age, I apply the same analysis across
different age groups as shown in Figure[§ A visual inspection shows that the gap in excess
mortality after the lockdown becomes significantly more pronounced for older age cohorts.
As summarized in Table [l] the average post-lockdown gap in excess mortality grows from
around 13 percent among working age cohorts to more than 30 percent for the elderly cohort

aged 85 and above.

Table 4: Excess mortality pre-lockdown vs. post-lockdown

Pre-lockdown (Week 1-12) Post-lockdown (Week 13-22)
Sweden Synthetic Sweden Gap Sweden Synthetic Sweden Gap
Total population  0.916 0.953 -0.037 1.285 1.054 0.230
Age 15-64 0.894 0.926 -0.032 1.083 0.951 0.131
Age 65-74 0.919 0.962 -0.043 1.188 1.037 0.150
Age 75-84 0.866 0.872 -0.006 1.246 0.997 0.249
Age 85 plus 0.908 0.916 -0.008 1.330 1.029 0.301

Note: Columns labeled “Gap” measure the difference in excess mortality rates between Sweden and synthetic Sweden
during each sub-period. Pre-lockdown period includes the first 12 weeks of 2020 until 21 March, while post-lockdown
period includes the latter 10 weeks from 22 March until 31 May.

9https://www.mortality.org.
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Figure 5: Infection to mortality

Weekly infection and excess mortality (Sweden vs Synthetic Sweden)
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Note: Horizontal axis shows calendar weeks of 2020. Red vertical line denotes the week of
policy intervention in Week 13 (22-28 March). Sweden is shown in blue line, while the synthetic
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Figure 6: Excess mortality by age

Excess mortality by age groups (Sweden vs. Synthetic Sweden)
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4.2. Voluntary Social Distancing or Involuntary Lockdown?

Naturally, infection dynamics is not only dependent on the lockdown measures. In fact,
there were signs that people were already taking precautionary actions prior to various
lockdown measures. For example, even before lockdown measures were announced, people
made more trips to grocery stores and pharmacies to stock up on basic necessity items
such as toilet papers and disinfectants. On the other hand, while the government allowed

many businesses to open, most people in Sweden stayed home or followed social distancing

protocols. [Born, Dietrich and Miller (2020)) speculate that the voluntary social distancing

essentially had the same impact as a mandatory lockdown. In fact, using its location services,
Google provides mobility trends by geography across different categories of places such as
retail and recreation, groceries and pharmacies, parks, transit stations, workplaces, and
residential areasH The mobility trend for Sweden and the synthetic Sweden is shown in
Figure [] where the baseline—shown as zero in the vertical axis—is the median value, for the

corresponding day of the week, during the 5-week period between 3 January and 6 February,

Figure 7: Google mobility report

Google mobility report (Sweden vs. Synthetic Sweden)
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Note: Horizontal axis measures days since 29 February. 7-day moving average for Sweden and
synthetic Sweden are shown in blue and red dots, respectively.

A visual inspection of 7-day moving average of the mobility for Sweden and synthetic

Whttps:/ /www.google.com/covid19/mobility/| for direct access of the reports.
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Sweden shows that before the lockdown, there is a sudden spike in trips to grocery and
pharmacy in both units before they fall dramatically. Other categories negatively impacted
by the Covid-19 outbreak such as visits to transit stations, workplaces and retail and recre-
ation facilities, there is no anticipatory effects prior to the big drop. For all these categories,
post-lockdown period fall is more prominent in the synthetic Sweden than in Sweden, which
reflects different behavioral patterns due to voluntary and involuntary lockdown measures.
An opposite pattern is shown for home stays. Finally, visits to parks show dramatic rise
reflecting the lockdown (but possibly warmer weather) with no visible difference between the
two units.

Given that the mobility fell in Sweden as a result of voluntary precaution, one could
impute this to the delay in the divergence of infection rate in Sweden relative to its synthetic
cohort. However, in the longer horizon, infection rates diverged significantly despite volun-
tary social distancing. In order to better control for this behavioral change, I now turn to a

difference-in-differences approach.

5. Empirical Approach—Difference-in-differences (DD)

Taking the difference-in-differences approach pioneered by [Card and Krueger| (1994)) to

quantify an unbiased estimate of the effects of lockdown measures, I run the following two-

way fixed effects specification:
Yii = Bo+biLy+bX+7+m;+ ey (1)

where Yj; denotes infection case per million in country 7 in time ¢ and L;; is an indicator
dummy for lockdown status that takes a value of 1 if there is a switch to a Swedish-style
recommendation and 0 otherwise. X captures other additional controls; 7; is a time fixed
effect dummy; m; controls for country fixed effects, and e; is the error term. Our focus is
on the coefficient by, which essentially captures the effect of the no-lockdown policy on the
infection rate dynamics.

Our treatment country is Sweden and the control group consists of Finland, France and
Norway, the three countries that collectively best approximate the synthetic control unit
earlier in Section 2] Table [AT]in the Appendix summarizes the demographic and epidemio-
logical characteristics of each country. The time period covers 87 days between 29 February
and 25 May. The policy intervention occurs on 23 March, when the government-mandated
lockdown measures are imposed in the control group countries while Sweden moves to a soft
regime switch. Post-treatment period thus covers a two-month long period during which

the two groups diverged in terms of voluntary social distancing vs. involuntary lockdown
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mandate. In light of the earlier findings, I anticipate that the estimate of b; to be positive,
which implies that the infection cases in Sweden would be higher than the control group
countries that went for a strict lockdown measure. Additional controls summarized in X
include the Google mobility index for six different categories as shown in Figure [ With
the exception of visits to parks and residential places, the correlation between the mobility

index and the infection case per million is negative.

5.1. Results

The regression DD estimates for different specifications of the model in equation are
summarized in Table ] The first row shows the average treatment effect. The specification
in column (1) considers the effect of lockdown without any mobility index as controls. The
estimated coefficient shows that Sweden, on average, had additional infection of 482.42 cases
per million when compared to the infection rates of the control group. Considering that the
case in Sweden reached around 3,300 per million population on 25 May, this implies that
the infection rate in Sweden would have been lower by around 15 percent had it followed a
strict lockdown policy like the other countries did. Specifications from columns (2) to (7)
consider the effect of lockdown while individually controlling for behavioral changes, while
the specification in column (8) allows for all of the mobility categories combined. The main
findings on the average treatment effects remain robust, and even stronger in magnitude,
to the inclusion of additional country-specific mobility controls. For example, allowing for
all behavioral changes (as shown in the specification in column (8)), the infection rate in
Sweden could have been lower by around 21 percent had it followed a lockdown policy like

the other countries did.

5.2. Leads and lags

The key identifying assumption of DD regression design is a parallel (or common) trend
assumption, meaning that—in the absence of treatment—the average change for the treated
group would have been identical to the observed average change for the control group. In
our setup, this implies that infection trends would have been the same in both Sweden and
its control group had Sweden followed the same policy intervention path as the control group
did. A rigorous verification is necessary, especially since our data set covers a lengthy period.
An alternative way to deal with this issue—referred to by as a “placebo” test—

is to include leads in the baseline regression:
q
Yi = Bo+ Z biLisrj + 1 +m; + ey (2)

Jj=0
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Table 5: Regression DD estimates

Variables (1) (2) (3) (4) (5) (6) (7) (8)
Lockdown 482.42***  689.70*** 681.79*** 836.81*** 828.90*** 836.28*** 801.26™** 690.26***
(76.96) (74.98) (74.72) (89.35) (88.49) (79.17) (87.85) (78.86)
Groceries -16.67** 12.94*
(1.80) (6.30)
Parks -5.28%** 6.38***
(0.41) (1.89)
Transit stations -19.43*** 18.14
(2.05) (10.35)
Workplaces -24.74%* 38.06***
(2.80) (10.61)
Residential 55.70%** 261.94***
(4.78) (34.83)
Retail -13.59*** 8.13
(1.47) (7.79)
N 348 348 348 348 348 348 348 348
R? 0.886 0.908 0.905 0.912 0.914 0.922 0.907 0.935

Note: Robust standard errors in parentheses. All specifications include country and time fixed effects. * p < .05, ** p < .01,
ook
p < .001

The basic idea behind the test is that if a variable of interest, say L;;, causes outcome
variables, say Y;;, future values of L;; should not have any effect on Y;;. This type of a
falsification test allows us to check for any anticipatory effect in days prior to the policy
implementation. In our specification, I include leads of up to seven days allowing for the
notification time prior to the policy enforcement.

Figure [§ plots the coefficients and confidence intervals leading to the lockdown interven-
tionE| As all the leads are very close to 0, I find no indication of any positive anticipatory
effect for all seven days leading up to the lockdown measure. This provides some confidence
that the parallel trend assumption is not violated and that the policy intervention occurs
before its effect.

So far, we have implicitly assumed that the coefficient b; in equation is constant,
implying that we estimate the average treatment effects (ATE) for the whole post-treatment
period. However, the impact of lockdowns could be immediate or lagged over time, and may

possibly vary with time. In fact, earlier findings point out that during the first few weeks

HTable in the Appendix presents the regression estimates for the all the specifications considered in
Table [3}
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Figure 8: Placebo tests

Placebo test (daily leads)
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Note: NPI-n indicates n days prior to the policy intervention. NPI indicates all post-
intervention period. Vertical lines represent 95 percent confidence intervals.

of post-lockdown, there was no discernible difference in the infection rates between Sweden
and its synthetic counterpart. To explore the dynamic effects of the lockdown measures, I
allow for lags in the regression specification as suggested by (2003). More specifically,
I add a dummy variable for each week up to the fifth week after the lockdown, as well as
a dummy that captures all the weeks after week six since the lockdown is enforced. Each
dummy variable takes the value of one in its relevant week. The modified specification with

post-treatment dynamic effects is:

q
Yy = Bo+ Z bjLip—7xj + 7t +m; + ey (3)
=0

Here, by captures the immediate effect of lockdown in the initial week, while the b,
(Vj > 0) coefficients pick up any subsequent weekly effects. If b; > by(> 0), this implies that
the effect of the lockdown rises over time, while if the opposite is true then the initial impact
fades with time.

Figure [9] plots the coefficients and the 95 percent confidence intervals allowing for lagged

effects of the lockdownEl Similar to earlier findings under the synthetic control approach,

2Table @ in the Appendix presents the regression estimates for the all the specifications considered in

COVID ECONOMICS
VETTED AND REAL-TIME PAPERS



Covid Economics 35, 7 July 2020: 70-95

9328 PRESS

89

Figure 9: Persistence effect of NPI

Time-varying effect (weekly lags)
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Note: NPI+n indicates n weeks after the policy intervention. NPI+6 plus indicates all post-
intervention period after 6 weeks. Vertical lines represent 95 percent confidence intervals.

the estimated coefficients are not significant in the first four weeks. However, from week
5 onward, the coefficient becomes significantly positive and monotonically grows over time.
This finding also coincides with the earlier outcome where the treatment effect becomes

statistically significant five weeks after the implementation of the lockdown measures.

6. Conclusion

Policymakers have implemented a wide range of non-pharmaceutical interventions to
fight the spread of COVID-19. Using variation in policies across countries and over time,
I consider a synthetic control approach which is further complemented by a difference-in-
differences (DD) research design to estimate causal effects of counter-COVID measures. I
find that the lockdown measures played an important role in limiting the spread of the
COVID-19 infection and that Swedish policymakers would have reduced the infection cases
by more than half had they followed similar policies implemented elsewhere. T also find
that as people dynamically adjust their behavior in response to information and policies, the
impact of NPIs does not manifest immediately but only with a time lag of approximately 5

weeks or more.

Table E}
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One topic that the current study abstracts from is how each of the counter-COVID
measures have different epidemiological impacts. A worthwhile project to pursue would
be one that investigates the impact of individual measures along both epidemiological and
economic aspects. Such explorations would better inform policymakers seeking to protect

public health and facilitate an eventual economic recovery.
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Days since 29 February

Sweden @ Finland A Norway + France

Appendix
Table A1l: Composition of Synthetic Sweden
Finland France Norway Sweden
Weight for Synthetic Control 0.643 0.076 0.281 -
Population (million) 5.5 67.0 5.3 10.1
Urban population fraction (%) 85.4 80.4 82.2 87.4
Population density 18.1 122.3 14.5 24.7
Case per million (first 20 day) 25.9 46.1 80.7 42.8
Day 1 2 March 1 March 29 February 29 February
Lockdown Day 28 March 17 March 24 March
Pre-lockdown duration (days) 26 16 24
Government Stringency Index (SI) on Lockdown 68.5 90.7 75.9
Figure Al: Government Stringency Index
Government stringency index
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Note: Vertical axis measures the stringency index taken from Oxford COVID-19 Government

Response Tracker since 29 February.
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Figure A2: Profile of Infection Rates in Logs — Treatment vs. Synthetic Control

Covid-19 infection (Sweden vs. Synthetic Sweden)

Case per million (log)
4
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Note: Infection case per million population in logs is shown for Sweden versus synthetic
Sweden (in dashed line).
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Table A2: Placebo test

9328 PRESS

&) (2 3 “) (5) (6) (M ®)
NPI-7 -8.72 -4.17 8.30 65.05 5.16 14.92 10.90 -13.52
(181.22) (104.06) (70.45) (153.87) (138.47) (130.68) (152.61) (82.99)
NPI-6 -12.05 -28.31 7.24 107.97 66.34 52.72 33.46 43.89
(176.80) (103.93) (65.93) (165.85) (158.12) (147.74) (158.23) (105.72)
NPI-5 -24.47 -16.71 -0.90 151.43 143.24 111.57 66.17 134.20
(175.18) (109.72) (63.97) (167.27) (171.14) (146.64) (163.75) (102.96)
NPI-4 -28.45 28.17 -3.88 209.11 233.54 192.57 117.94 260.74*
(172.18) (116.06) (74.54) (170.29) (181.40) (144.90) (171.86) (103.88)
NPI-3 -35.67 94.64 29.67 283.79 324.32 289.52 187.71 365.27**
(166.53) (136.16) (86.91) (171.65) (187.19) (147.30) (179.42) (128.04)
NPI-2 -38.81 143.55 37.85 338.45 400.57* 376.84* 238.32 528.06*
(163.62) (130.20) (104.06) (176.68) (192.60) (159.41) (185.90) (206.78)
NPI-1 -51.65 153.94 30.05 373.79* 455.97* 402.39* 269.95 501.83*
(160.66) (134.97) (122.95) (189.25) (220.07) (181.22) (196.99) (220.04)
NPI 473.74%**  707.71***  686.70***  918.05***  918.04***  910.81***  849.71*** = 796.83***
(82.39) (79.66) (78.97) (94.20) (89.43) (79.61) (95.06) (81.62)
Grocery_and_pharmacy -16.82%** 15.04*
(1.84) (6.15)
Parks -5.28%** 6.94***
(0.42) (1.91)
Transit_stations -20.23*** 15.39
(2.15) (10.65)
‘Workplaces -26.05%** 38.69%**
(2.93) (10.87)
Residential 57.57*** 268.51%**
(4.94) (34.18)
Retail_and_recreation -13.94*** 8.48
(1.56) (7.70)
N 348 348 348 348 348 348 348 348
R? 0.886 0.908 0.905 0.913 0.915 0.923 0.907 0.937

Note: NPI-n indicates n days prior to the policy intervention. NPI refers to the all post-treatment. Robust standard errors in

parentheses. All specifications include country and time fixed effects. * p < .05, ** p < .01, *** p < .001
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Table A3: Time-varying effects of lockdown

Covid Economics 35, 7 July 2020: 70-95

® (2 3 “) (5) (6) (7 ®)
NPI+0 -105.10 70.54 45.40 181.42* 212.33* 212.74** 118.84 77.95
(63.65) (72.26) (63.18) (80.93) (87.72) (81.10) (74.63) (72.30)
NPI+1 -157.16** 16.84 7.83 141.45* 159.44* 178.55** 95.43 70.17
(49.91) (60.16) (46.00) (64.10) (69.62) (65.20) (61.94) (62.48)
NPI+2 -92.50 51.98 110.46* 166.91** 168.81%* 201.83*** 149.49* 178.69**
(49.27) (58.31) (55.55) (58.80) (57.57) (56.19) (62.96) (54.69)
NPI+43 58.71 236.18*** 292.40%** 287.56%** 228.25%** 322.44%** 290.21%** 248.17***
(56.76) (55.10) (54.56) (60.41) (61.93) (56.46) (59.15) (66.82)
NPI+4 304.43*** 418.25%** 553.84%** 556.74*** 556.80%** 581.13*** 523.43%** 617.89%**
(64.33) (58.41) (63.91) (67.76) (69.99) (62.11) (64.98) (64.21)
NPI+5 601.36*** 721.69*** 764.95%** 830.28*** 836.36*** 832.04*** 829.47*** 776.95%**
(66.14) (58.15) (41.91) (61.18) (62.72) (55.31) (61.85) (57.24)
NPI+6 plus 1209.40*** 1257.31%** 1361.02%** 1343.93*** 1330.91*** 1327.60*** 1340.16*** 1338.46***
(71.70) (64.50) (69.74) (64.67) (61.99) (59.89) (64.53) (74.89)
Grocery_and_pharmacy -9.209%** 14.87**
(1.60) (5.23)
Parks -4.75** -3.97**
(0.37) (1.53)
Transit_stations -11.86*** 33.93***
(1.52) (8.11)
Workplaces -15.11%%* -9.33
(2.13) 9.17)
Residential 35.99%** 92.30**
(3.63) (30.52)
Retail_and_recreation -8.43%** -5.54
(1.15) (6.47)
N 348 348 348 348 348 348 348 348
R? 0.952 0.958 0.966 0.960 0.961 0.965 0.959 0.974

Note: NPI+n indicates n weeks after the policy intervention. NPI+6 plus indicates all post-intervention periods after 6 weeks. Robust

standard errors in parentheses. All specifications include country and time fixed effects. * p < .05, ** p < .01, *** p < .001
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Sharp changes in consumer expenditure may bias inflation during the
Covid-19 pandemic. Using public data from debit card transactions,
I quantify these changes in consumer spending, update CPI basket
weights and construct an alternative price index to measure the effect
of the Covid-induced weighting bias on the Swiss consumer price index.
I find that inflation was higher during the lock-down than suggested
by CPI inflation. The annual inflation rate of the Covid price index was
-0.4% by April 2020, compared to -1.1% of the equivalent CPI Persistent
“low-touch” consumer behaviour can further lead to inflation being
underestimated by more than a quarter of a percentage point until the
end of 2020.
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1 Introduction

The Covid-19 pandemic and the measures enacted to contain it have led to a standstill
of public life and a severe downturn of economic activity in many countries, including
Switzerland. The measures implemented by the Swiss Federal Council — including lock-
downs, mobility restrictions, and social-distancing rules — have greatly affected consumer
expenditure patterns. Non-essential retail outlets and many service industries such as
restaurants, bars as well as entertainment and leisure facilities were temporarily closed.
Public transport services were reduced. Only grocery stores, pharmacies, banks and
post offices were allowed to remain open (Fichenauer and Sturm, 2020). During the

roughly two-month' lock-down period, consumer spending was thus severely restricted.

Sudden and profound changes like these can introduce significant bias in the consumer
price index (CPI) used to measure inflation. The CPI is compiled on the basis of ex-
penditure weights that are kept constant within a given year, reflecting the purpose
of the index to measure changes in prices only without accounting for adjustments in
consumption patterns. Most national statistical offices update their CPI expenditure
weights once a year, often with lagged expenditure data.”? While this practice is reas-
onable in normal times, it makes inflation indices much harder to interpret during the
Covid-19 pandemic (Tenreyro, 2020; Lane, 2020), as the underlying weighting scheme is
no longer representative of what is being consumed or what can be consumed at all in

the lock-down period, thus introducing a weighting bias in inflation.

In this paper I study the effect that biases induced by such changes in spending patterns
have on the measurement of inflation in Switzerland during the Covid-19 crisis. For
this purpose, I use high-frequency estimates of spending based on transactional data
to update CPI basket weights and compute an alternative price index based on such

“Covid weights”.

I find that inflation was higher during the lock-down than suggested by CPI inflation.

1Commercial activity was particularly affected from 13 March to 11 May 2020 due to the containment
measures taken by the authorities. See Appendix A for a chronology of the events and measures taken
by the Swiss government.

2The Swiss Federal Statistical Office (FSO) updated the CPI weights for 2020 in December 2019
using expenditure information collected back in 2017 and 2018. The main source for calculating the
basket weights is the Household Budget Survey (HBS), conducted annually by the FSO among private
households with permanent residence in Switzerland.
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The annual inflation rate of the Covid price index was —0.4% by April 2020, compared
to —1.1% of the equivalent CPI. This is a consequence of the relative increase in con-
sumption of “Food & Non-Alcoholic Beverages”, which are more inflationary than other

spending categories.

Moreover, a persistent change in consumer behaviour — driven by “low-touch” considera-
tions due to new working habits, prolonged uncertainty and the lifestyle adopted during
the lock-down period — is likely to keep underestimating short to medium-term inflation.
The inflation forecast based on an alternative “low-touch” consumption basket is over
a quarter of a percentage point higher than a comparable CPI forecast for the rest of

2020.

This study is closely related to two current research trends. First, it contributes to the
rapidly growing literature making use of alternative and high-frequency data sources
to track consumer expenditure. In the rapidly evolving Covid-19 crisis there is great
need for reliable data that is available in almost real-time. Official economic statistics,
however, are usually published with a considerable lag. This has led many researchers
to explore alternative and high-frequency data sources to track the pandemic and its
effects. Transactions data from banks and other financial institutions have proved to be
particularly fruitful sources and were used for the analysis of consumer spending, among
others, by Baker et al. (2020) and Chetty et al. (2020) (for the US), Chen et al. (2020)
(for China), Andersen et al. (2020) (for Denmark), Bounic et al. (2020) (for France),
Carvalho et al. (2020) (for Spain) and IHacioglu et al. (2020) (for the UK).

Second and more specifically, it contributes to studies of inflation and potential biases
of it during the Covid-19 crisis. My results are consistent with the analytical argument
of Diewert and Fox (2020) who show that a downward bias in consumer price indices
may result from current calculation methodologies. Using scanner data of fast-moving
consumer goods in the UK, Jaravel and O’Connell (2020) empirically document a spike
in inflation in the first month of lock-down. Using official price indices and updating
CPI weights in a similar way to this study, Cavallo (2020) finds comparable results for

the US but overall mixed international evidence.

In light of the fact that the CPI is an essential tool for economic policy making, my results

have important implications for the crisis period and beyond. They provide evidence
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that conventional price measures have underestimated inflation during the crisis. By
unveiling this, I hope that my results contribute to the assessment of inflation in times
of economic turmoil. Beyond, they raise conceptual issues concerning adequate price
measurement. While most of the changes in prices and consumption expenditure can
be expected to reverse once the crisis is over, some of them may be more persistent.
Considering current calculation methodologies, this can make official CPI measures less
informative, in particular during the transition period. In response to this challenge,
the use of high-frequency and alternative data sources on both prices and consumer
spending may become key to producing a more robust and informative consumer price

index in the future.

The remainder of this paper is organised as follows. In Section 2, I describe how I meas-
ure changes in consumer spending, update CPI weights and construct the alternative
Covid price index. Section 3 estimates the effects of the Covid-induced weighting bias
on Swiss consumer price index. Section 4 assesses how a lasting “low-touch” consumer

behaviour will affect inflation in the short to medium term. Section 5 concludes.

2 Data and methodology

Constructing the Covid weights To construct the Covid basket weights, I use
weekly data on Swiss debit card expenditure that are publicly available as part of the
Consumption Monitoring for Switzerland.? They are produced using transactions of
debit cards issued by banks to their customers in Switzerland and include debit card
payments at points of sale such as grocery stores or service providers (e.g. hairdressers,
restaurants or petrol stations). Figure 1 depicts the change in Swiss consumption pat-
terns since January 2020 based on these debit card expenditures. The vertical dotted
line coincides with 16 March, when the extraordinary situation was declared by the Swiss
Federal Council and when most shops, restaurants and leisure facilities were temporarily

closed.

3The Consumption Monitoring for Switzerland is a project powered the University of St. Gallen
(Prof. Martin Brown, Prof. Matthias Fengler) and Novalytica together with Dr. Robert Rohrkemper
(Distinguished Expert, Senior Data Scientist at Worldline) and Prof. Rafael Lalive (University of
Lausanne). See http://monitoringconsumption.org/switzerland.
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Changes in Swiss consumer spending
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Figure 1: Changes in Swiss consumer spending before and during the Covid-19 crisis as measured by debit card
transaction volumes. Cumulative expenditure change across categories of goods and services in Switzerland
since January 2020 (normalisation month). The vertical dotted line marks the declaration of the extraordinary
sttuation by the Swiss Federal Council on 16 March 2020.

Three observations stand out.? First, there was a massive drop in consumer spending
which started even before the introduction of lock-down measures on 16 March. This
is suggestive of uncertainty and consumer confidence being substantial drivers of the
fall in consumption expenditure. Second, different expenditure categories are affected
differently by the official measures. While it was virtually impossible to spend money on
entertainment or personal services, consumption expenditure for groceries has increased
significantly before and during the lock-down period. Third, expenditure categories
recover heterogeneously after the lock-down. Expenditure on personal and professional
services (including hairdressers) spiked at the end of April, when a first opening step
was taken. “Other Retail” (including garden stores, clothing and furniture) is stepwise
retracing the two relaxations of 27 April and 11 May. While most categories are at
least partially recouping their losses, “Accommodation & Food” and “Transport” are

recovering only very slowly, and are currently still well below their levels at the beginning

of the year.

4These findings are corroborated by international studies tracking consumption similarly with high-
frequency credit and debit card transactions. See Baker et al. (2020) and Chetty et al. (2020) for the
US, Chen et al. (2020) for China, Andersen et al. (2020) for Denmark, Bounic et al. (2020) for France,
Carvalho et al. (2020) for Spain and Hacioglu et al. (2020) for the UK. Beyond, Coibion et al. (2020)

find comparable survey-based estimates.
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I combine these estimates for consumer spending with official CPI data from the Swiss
Federal Statistical Office. In particular, I use the sectoral CPI series that form the lowest
level of disaggregation of the CPI (i.e. expenditure items, not seasonally adjusted), as
well as the latest available weights in the official CPI basket (i.e. expenditure weights

for 2020).

Matching debit card transaction categories with the CPI expenditure items requires
some assumptions. Table 1 shows the correspondence table for the CPI main groups.

Table 1: Matching Swiss CPI main groups and debit card transaction categories.

‘Weight change

01
02
03
04
05
06
07
08
09

10
11
12

CPI main group Debit card transaction category (Apr vs. Jan 2020, in %)
Food & Non-Alcoholic Beverages Food, beverages, tobacco 36.0
Alcoholic Beverages & Tobacco Food, beverages, tobacco 36.0
Clothing & Footwear Other retail —89.7
Housing & Energy Other, None —7.93
Furniture & Home Maintenance Other, Other retail, Professional services —83.9
Health Human health services —98.2
Transport Fuel, Motor & vehicles, Transport —17.8
Communications Other retail —89.7
Recreation & Culture Entertainment, Other, Other retail, —92.6
Professional services, Transport
Education None 0.0
Restaurants & Hotels Accommodation & food —98.2
Miscellaneous Goods & Services Financial service activities, Other, Other retail, —83.3

Personal services, Professional services

About five categories are closely matched in both datasets. In particular, there are al-
most one-to-one mappings for the main groups “Health”, “Transport” and “Restaurants
& Hotels”. For both “Food & Non-Alcoholic Beverages” and “Alcoholic Beverages &
Tobacco”, I use the debit card transaction category “Food, beverages, tobacco”. Fur-
ther, “Clothing & Footwear”, “Furniture & Home Maintenance” and “Communications”
are contained in “Other retail”. Items of “Recreation & Culture” and “Miscellaneous
Goods & Services” are matched with multiple transaction categories. Finally, as I do
not find any corresponding debit card transaction categories for rents in “Housing & En-
ergy” and all items in “Education”, I assume that expenditure for these items remains

unchanged.

To estimate the expenditure shares in the Covid basket, I start with the latest official
CPI expenditure weights w; o, multiply them by the average percentage change in the
corresponding expenditure category each month, and normalise them as a share of the

total. Formally, the Covid weight of CPI expenditure item ¢ in month ¢ is thus given by
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where Ae;; = 5;8:’ is the change in consumer expenditure since January 2020 (base

month) as measured by debit card purchases volumes P;;Q; ;. Equation 2.1 highlights
the fact that these are relative weights, so the importance of a category in the basket

can change even when its expenditure does not.

Constructing the Covid price index Two concepts of price index calculation are
most common: the Laspeyres index and the Paasche index. Conceptually, they differ in
one important aspect. The Laspeyres index answers the question of how much the old
basket of goods and services costs at current prices. The Paasche index, on the other
hand, answers the question of how much the current basket at current prices costs in

relation to the current basket at old prices.

Given the Covid-induced monthly changes in consumption expenditure, I favour the use
of a Paasche index for the purpose of this study. Comparing index values with the same
underlying weighting reduces fluctuations due to changes in expenditure quantities and
allows to capture more precisely changes in the price level only. This approach herein
differs from similar contributions of the literature, in particular from Cavallo (2020) who,
through the monthly variation of both prices and weights, blurs the boundary between

the CPI as a tool for pure price measurement and the CPI as a mere turnover statistic.

Consequentially, I compute the Covid price index as the weighted sum of sectoral CPI

indices using two distinct weighting schemes in any month, namely

12
I w=t = Zwé,tfi,z (2.2)
i=1
and
12
It—k,w:t = Zwé,tfi,z—k (2~3)
i=1

where k € {1,12} for the calculation of either the monthly or annual inflation rates.
These inflation rates are then calculated by comparing the indices of the same weighting

scheme, i.e.
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It,w:t - It—l,w:t

T t—1 = -100 (24)
L1 =t
in case of monthly inflation, and
Iiw=t — It—12. 0=
Tii12 = Ztw=t T Atm12w=t 0 (2.5)

Ty 12,0=t

in case of annual inflation.

3 Inflation with Covid consumption

Figure 2 and Table 2 show the alternative Covid price index and thus illustrate the effect
of the Covid-induced changes in consumer spending on both the monthly and annual

inflation rates of the Swiss consumer price index.
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Swiss CPI with Covid expenditure weights

Monthly inflation rate (%)
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Figure 2: Swiss consumer price index (CPI, not seasonally adjusted) and the Covid index construed using
estimates of the consumption expenditure shares during the Covid-19 crisis (“Covid basket”). The vertical
dotted line marks the declaration of the extraordinary situation by the Swiss Federal Council on 16 March
2020.

The Swiss CPI was low but relatively stable in the beginning of the year, before it star-
ted showing deflation from February onward. During the Covid-19 crisis, it contracted
strongly. It fell by —0.36% in April 2020 compared with the previous month. Inflation
was —1.05% compared with the same month of the previous year. After lock-down in
May 2020, it increased slightly by 0.05%.

The Covid price index, by contrast, was consistently higher during the crisis. It con-

tracted by —0.11% only in April 2020 compared with the previous month, and inflation
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was —0.38% compared with the same month of the previous year. After lock-down in
May 2020, it increased slightly by 0.09%.

Table 2: Swiss inflation rates during the Covid-19 crisis

Monthly inflation Annual inflation
CPI  Covid basket CPI  Covid basket

January -0.22 -0.22 0.19 0.19
February 0.13 0.11 -0.07 -0.05
March 0.08 0.11 -0.51 -0.29
April -0.36 -0.11 -1.05 -0.38
May 0.05 0.09 -1.32 -0.87

Monthly and annual inflation rate in the not seasonally adjusted Swiss CPI and the Covid index construed
using estimates of the consumption expenditure shares during the Covid-19 crisis.

To illustrate what is driving these results, Table 3 shows the category weights and
incidence details for April 2020. The second column has the monthly CPI sector inflation
used in both the official and Covid price index. The third and fourth columns show the
weights of the CPI and Covid basket in each category. Finally, the last two columns
show the incidence that each category has on the total monthly inflation rate. The
incidence is the monthly inflation rate multiplied by the weight. Therefore, the sum of
all the category incidence numbers is equal to the monthly inflation rate.

Table 3: Swiss CPI weights and incidence in April 2020

Monthly Weight Incidence
Main group CPI inflation CPI Covid basket ‘ CPI Covid basket
Food and non-alcoholic beverages  0.71 10.54 23.70 0.07 0.17
Alcoholic beverages and tobacco -0.47 2.76 6.20 | -0.01 -0.03
Clothing and footwear 0.26 3.40 1.52 0.01 0.00
Housing and energy -0.19 24.96 40.27 | -0.05 -0.08
Household goods and services -0.80 3.79 1.69 -0.03 -0.01
Healthcare -0.08 15.69 6.11 -0.01 -0.01
Transport -1.74 10.97 7.90 -0.19 -0.14
Communications -0.06 2.94 4.75 -0.00 -0.00
Recreation and culture -0.89 8.37 0.08 | -0.07 -0.00
Education 0.00 1.00 1.61 0.00 0.00
Restaurants and hotels -0.75 9.46 2.04 | -0.07 -0.02
Other goods and services -0.09 6.12 4.13 | -0.01 -0.00

The CPI weight is the share of expenditure in a given category over total expenditures. The incidence is the
monthly inflation rate multiplied by the weight. The sum of all the category incidence numbers is equal to
the monthly inflation rate.

Note that main groups whose spending does not change over time per assumption (e.g.
“Education”) can have different Covid weights due to the normalisation of the Covid
basket as a share of total basket expenditure. Table 3 illustrates that the result is
driven by shifts in relative basket weights. The Covid inflation rate is higher than CPI
inflation because the index based on Covid weights gives more weight to main groups

that have a positive inflation rate, and less weight to categories experiencing deflation.
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In particular, the weight for “Food & Non-Alcoholic Beverages” rose from 10.54% to
23.70%, increasing the incidence of this category from 0.07 to 0.17. At the same time, the
weight for the deflationary category “Recreation & Culture” fell from 8.37% to 0.08%,

virtually eliminating the influence of this main group on the total monthly inflation rate.

Altogether, the weighting bias in official CPI statistics seems to have underestimated
inflation. After adjusting for the change in consumer spending during the pandemic,
the inflation rate of the Covid price index is two thirds percentage points higher and lies
at —0.38% in April 2020. This result is driven by the relative weight shifts, positively
reinforcing inflationary CPI main groups, and negatively reinforcing deflationary main

groups.

4 Inflation with low-touch consumption

Having quantified the effect during the lock-down period raises the question of how any

lasting change in consumer behaviour will affect inflation in the short to medium term.

Most of the changes in consumer spending during the Covid-19 crisis are obviously
driven by the containment measures and forced closures of many retail sectors. Once
these restrictions are lifted, catch-up effects can be expected, and consumer spending

will gradually converge back to pre-crisis levels, as apparent in Figure 1.

Nevertheless, an immediate rebound and normalisation to pre-crisis levels seems unlikely.
Rather, getting back to pre-Covid consumption patterns is likely to be a long and difficult
task. Figure 3 compares the decline in consumer spending in the Covid-19 crisis with

the earlier contractions of Swiss households’ final consumption expenditure since 1980.
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Consumption expenditure of Swiss households
Development after contractions since 1980 (real, seasonally adjusted)
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Figure 3: Development of Swiss households’ final consumption expenditure (real, seasonally adjusted) after
contractions (quarter-on-quarter growth) since 1980. Included are contractions with negative quarterly growth
rates in at least two consecutive quarters.

So far, there have been a total of three downturns (of two consecutive quarters or more)
in consumption, related to the second oil crisis (1981), the Swiss real estate crisis (1992)
and the dot-com bubble (2002). Even if consumers return to normality at different
speeds depending on the type of disruption that hit the economy, Figure 3 illustrates
how unprecedented the current downturn in consumption is. Measured against earlier
recoveries, the normalisation after the current crisis is likely to extend over several

quarters.

Moreover, consumer behaviour may have changed persistently during the crisis, and
henceforth be driven by “low-touch” considerations. This kind of “low-touch” consump-
tion is characterised first and foremost by continuing uncertainty about the spread of
the virus, changed working habits and the lock-down lifestyle.”

The lock-down has led to working from home in many professions. Once efficient con-
ditions for teleworking are in place, they are likely to stay, which in turn creates more
opportunities for eating at home, and reduces eating out. This negatively affects the
hospitality and tourism sectors, which have already been severely impacted by the far-

reaching travel freeze. In view of the great uncertainties regarding the spread of the

5For survey evidence in support of this “low-touch” consumption scenario, see for example Boston
Consulting Group (2020) or McKinsey & Company (2020).
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virus and the travel preparations which have become fairly complex (administrative ef-
fort to obtain information on the local situation and regulations), it seems plausible that
expenditure for travel and tourism will remain subdued in the short and medium term.
Further, the lock-down period has had a negative impact upon leisure activities. Digital
activities such as online gatherings, at-home entertainment as well as remote learning
and exercise have emerged. Outdoor and fitness activities have replaced going to the
gym. These activities are likely to remain strong and reduce the share of spending on

traditional “recreation & culture” activities reflected in the CPI.

In the following I will examine the effects this kind of prolonged change in consumer
spending has on inflation in the short to medium term. I do so by producing infla-
tion forecasts based on disaggregated CPI data, which I aggregate using two different
weighting schemes: the official CPI weights, and the expenditure weights implied by the

“low-touch” scenario.

Table 4 compares the latest CPI weights with the weights implied by this “low-touch”
scenario. I calculate the latter by applying fixed markups (or markdowns) to the official
CPI weights for 2020.

Table 4: Swiss CPI weights and “low-touch” weights

Main groups CPI weights  Low-touch weights  Low-touch add-on
Food and non-alcoholic beverages 10.31 12.00 15%
Alcoholic beverages and tobacco 2.91 2.94
Clothing and footwear 3.59 3.63
Housing and energy 25.31 25.60
Household goods and services 3.67 3.71
Healthcare 14.33 14.49
Transport 11.58 11.04 -7.7%
Communications 3.11 3.14
Recreation and culture 8.43 7.45 -3.8%
Education 1.05 1.06
Restaurants and hotels 9.45 8.61 -10%
Other goods and services 6.25 6.32

The CPI weight is the share of expenditure in a given category over total expenditures. The low-touch weights
are the assumed expenditure shares in the “low-touch” scenario. They are calculated by adding fixed markups
(or markdowns) to the CPI weights for 2020. The fourth column gives the average add-on per main group.
‘Weights are normalised and applied from June 2020 until the end of the forecast period.

I assume that spending on groceries will continue to fall and approach the original level,
but then remain at +15% compared to January 2020. Conversely, out-of-home expendit-
ure in restaurants and hotels will fall by 10%. In addition, consumption expenditure on

selected transport services (air transport and package holidays in particular) and leisure

activities (such as leisure courses, cinema, theatre and concert) are assumed to decrease,
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leading to the overall differences of —7.7% and —3.8% in the corresponding main groups.
As the imposed change in weight is negative overall and the weights are normalised as a
share of total expenditure, the relative “low-touch” weights of the otherwise unchanged
main groups end up marginally increased. These weighting schemes are applied from

June 2020 until the end of the forecast period.

The disaggregated forecasts of the CPI items are based on univariate ARIMA models.
For each expenditure item, the model is selected in two steps. First, the statistical
properties of each price series in analysed. For simplicity, I assume that all items are
integrated of order one and use them accordingly in first log-differences. Further, sea-
sonal patterns are detected through inspecting the autocorrelation function (ACF) and
considering the price collection frequency. Second, the lag selection of each model is

automated using the Schwarz information criterion.

I forecast the CPI items with the monthly series from May 2000 (where available) to
December 2021 and then aggregate the forecasts using the weightings schemes based
on the two scenarios. For the benchmark scenario, I use the official CPI expenditure
weights for 2020 throughout. For the “low-touch” scenario, I take the Covid weights
from Section 3 until May 2020, and apply the low-touch weights (Table 4) from June
2020 onwards.

Both indices are shown in Figure 4 as Laspeyres indices, ensuring comparability.
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Figure 4: Comparison of inflation forecasts with official CPI weights and with “low-touch” consumption.

CPI inflation is projected to increase gradually from its low in May 2020 (—1.3%) but
will remain considerably below 0% well into 2021. An average inflation rate of —0.72%
is expected for 2020, and 0.12% for 2021. In contrast, inflation under the “low-touch”
scenario is persistently higher. Particularly in the current year, inflation rates differ
significantly. In the low-touch scenario the average annual inflation is —0.43%. Only in

the course of next year the two forecasts converge.

Thus, without taking into account a sustained change in consumer behaviour based on
low-touch considerations, the official CPI statistics risks underestimating inflation in the

current year by more than a quarter of a percentage point.

It is difficult to say to what extent the presumed changes in consumer behaviour are
really permanent. It is probable that the longer the crisis lasts, the more the new
behaviours will gradually become the new normality and continue after the pandemic.
The extent to which consumer behaviour and spending will change in the medium to
long term after the recession is therefore likely to depend to a large extent on the further
course of the pandemic, as well as on how the new work experiences are integrated into

existing work habits and consumers’ assessment of their future prospects.
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5 Conclusion

Measuring and interpreting inflation is challenging during economic disruptions in gen-
eral and the Covid-19 crisis in particular. Consumer spending is greatly affected by the
pandemic containment measures, introducing a weighting bias into the measurement of

CPI inflation.

Using public data from debit card transactions in Switzerland, I estimate the changes in
consumption expenditure during the Covid-19 crisis, and construct an alternative price
index with updated Covid consumption weights to study the effect of these sources of

bias on Swiss CPI inflation.

I find that Covid inflation was higher than suggested by CPI inflation. By April 2020,
the annual inflation rate of the Covid price index was —0.38%, compared to —1.05%
of the CPI. This is a consequence of the relative increase in consumption of “Food &

Non-Alcoholic Beverages”.

Moreover, a persistent change in consumer behaviour — driven by “low-touch” considera-
tions due to new working habits, prolonged uncertainty and the lifestyle adopted during
the lock-down period — keeps underestimating short to medium-term inflation through-
out the year by more than a quarter of a percentage point. In 2020, CPI inflation is

projected to average —0.72%, while Covid inflation is projected to average —0.43%.

In light of the fact that the CPI is an essential tool for economic policy making, my results
have important implications for the crisis period and beyond. They provide evidence
that conventional price measures have underestimated inflation during the crisis. By
unveiling this, I hope that my results contribute to the assessment of inflation in times
of economic turmoil. Beyond, they raise conceptual issues concerning adequate price
measurement. While most of the changes in prices and consumption expenditure can
be expected to reverse once the crisis is over, some of them may be more persistent.
Considering current calculation methodologies, this can make official CPI measures less
informative, in particular during the transition period. In response to this challenge,
the use of high-frequency and alternative data sources on both prices and consumer
spending may become key to producing a more robust and informative consumer price

index in the future.
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A The stages of Swiss lock-down

28 February The Swiss Federal Council categorises the situation in Switzerland as
special in terms of the Epidemics Act. Events with more than 1000
persons are prohibited effective immediately. Among other things, the
Basel Carnival and the Geneva Motor Show are cancelled.

13 March The government announces the closure of the schools on Monday 16
March. Events with more than 100 people are prohibited. Restaurants,
bars and discos are limited to 50 people.

16 March Federal President declares the extraordinary situation, allowing the Fed-
eral Council to order the introduction of uniform measures in all can-
tons. All public and private events are prohibited. Shops, restaurants
and leisure facilities must close. The lock-down also applies to schools
and businesses at which the recommended distance cannot be main-
tained (e.g. hairdressers and cosmetics studios). Only grocery stores
and health facilities remain open. Border controls at the borders with
Germany, Austria and France were introduced, and entry bans imposed,
albeit with exceptions. Border checks at the Italian border were already
introduced at an earlier stage. Up to 8000 members of the armed forces
were deployed to assist the cantons at hospitals and with logistics and

security.

27 April First step towards opening: hairdressers, DIY stores and garden centres
may resume operations with protection concepts.

11 May Shops, restaurants, public markets and museums may reopen. Primary
and secondary schools can again teach on site.

6 June Events with up to 300 people are permitted again. Mountain railways,

camping sites, zoos and leisure facilities may open. Secondary, vocational
and higher education establishments may resume teaching.

15 June The borders to all states within the EU/EFTA area will be opened com-
pletely. Among other things, shopping tourism to Germany or Austria
is permitted again.

19 June Return from the extraordinary to the special situation. The cantons will
have a greater say and more room for manoeuvre. In public spaces, the
minimum distance is reduced from 2 to 1.5 metres. Restaurants will
be allowed to move their tables closer together, while at the same time
the Swiss midnight curfew will be lifted. Meetings and events for up to
1000 people are again permitted. Masks are compulsory at rallies. The
recommendation to work from home if possible is repealed.

Table 5: Timeline of the events and measures taken by the Swiss Federal government. Compiled from the ordin-
ances and media releases of the Swiss Federal Council, see https://www.admin.ch/gov/en/start/documentation.
html. Situation as of 24 June 2020.
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B Comparison of Paasche and Laspeyres price in-
dices

Swiss CPI with Covid expenditure weights
Monthly inflation rate (%)
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Figure B.1: Swiss consumer price index (CPI, not seasonally adjusted) and Covid price indices, calculated
once as Paasche index and once as Laspeyres index. The vertical dotted line marks the declaration of the
extraordinary situation by the Swiss Federal Council on 16 March 2020.
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This paper evaluates the dynamic impact of various policies adopted by
US states on the growth rates of confirmed Covid-19 cases and deaths as
well as social distancing behavior measured by Google Mobility Reports,
where we take into consideration people's voluntarily behavioral
response to new information of transmission risks. Our analysis finds
that both policies and information on transmission risks are important
determinants of Covid-19 cases and deaths and shows that a change
in policies explains a large fraction of observed changes in social
distancing behavior. Our counterfactual experiments suggest that
nationally mandating face masks for employees on April 1st could have
reduced the growth rate of cases and deaths by more than 10 percentage
points in late April, and could have led to as much as 17 to 55 percent less
deaths nationally by the end of May, which roughly translates into 17 to
55 thousand saved lives. Our estimates imply that removing non-essential
business closures (while maintaining school closures, restrictions on
movie theaters and restaurants) could have led to -20 to 60 percent more
cases and deaths by the end of May. We also find that, without stay-at-
home orders, cases would have been larger by 25 to 170 percent, which
implies that 0.5 to 3.4 million more Americans could have been infected
if stay-at-home orders had not been implemented. Finally, not having
implemented any policies could have led to at least a 7 fold increase with
an uninformative upper bound in cases (and deaths) by the end of May in
the US, with considerable uncertainty over the effects of school closures,
which had little cross-sectional variation.
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1. INTRODUCTION

Accumulating evidence suggests that various policies in the US have reduced social in-
teractions and slowed down the growth of Covid-19 infections[] An important outstanding
issue, however, is how much of the observed slow down in the spread is attributable to the
effect of policies as opposed to a voluntarily change in people’s behavior out of fear of being
infected. This question is critical for evaluating the effectiveness of restrictive policies in
the US relative to an alternative policy of just providing recommendations and information
such as the one adopted by Sweden. More generally, understanding people’s dynamic be-
havioral response to policies and information is indispensable for properly evaluating the
effect of policies on the spread of Covid-19.

This paper quantitatively assesses the impact of various policies adopted by US states on
the spread of Covid-19, such as non-essential business closure and mandatory face masks,
paying particular attention to how people adjust their behavior in response to policies as
well as new information on cases and deaths.

We present a conceptual framework that spells out the causal structure on how the
Covid-19 spread is dynamically determined by policies and human behavior. Our approach
explicitly recognizes that policies not only directly affect the spread of Covid-19 (e.g., mask
requirement) but also indirectly affect its spread by changing people’s behavior (e.g., stay-
at-home order). It also recognizes that people react to new information on Covid-19 cases
and deaths, and voluntarily adjust their behavior (e.g., voluntary social distancing and
hand washing) even without any policy in place. Our casual model provides a framework to
quantitatively decompose the growth of Covid-19 cases and deaths into three components:
(1) direct policy effect, (2) policy effect through behavior, and (3) direct behavior effect in
response to new information

Guided by the causal model, our empirical analysis examines how the weekly growth
rates of confirmed Covid-19 cases and deaths are determined by (the lags of) policies and
behavior using US state-level data. To examine how policies and information affect people’s
behavior, we also regress social distancing measures on policy and information variables.
Our regression specification for case and death growths is explicitly guided by a SIR model
although our causal approach does not hinge on the validity of a SIR model.

As policy variables, we consider mandatory face masks for employees in public businesses,
stay-at-home orders (or shelter-in-place orders), closure of K-12 schools, closure of restau-
rants except take out, closure of movie theaters, and closure of non-essential businesses.

!See [Courtemanche et al] (2020), [Hsiang et al] (2020), [Pei, Kandula, and Shaman| (2020), [Abouk and]
Heydari , and Wright et al. .

The causal model is framed using the language of structural equations models and causal diagrams
of econometrics (Wright ; Haavelmo ; Heckman and Vytlaci ; see
and Robins (1999), [Peters, Janzing, and Bernhard| (2017), and for modern

developments, especially in computer science and epidemiology), with natural unfolding potential outcomes

representation (Rubinl, [1974; Tinbergen, |1930; Neyman), [1925; Imbens and Rubinl [2015)). As such it naturally

converses in all languages for causal inference.
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Our behavior variables are four mobility measures that capture the intensity of visits to
“transit,” “grocery,” “retail,” and “workplaces” from Google Mobility Reports. We take
the lagged growth rate of cases and deaths and the log of lagged cases and deaths at both
state-level and national-level as our measures of information on infection risks that affects
people’s behavior. We also consider the growth rate of tests, month dummies, and state-
level characteristics (e.g., population size and total area) as confounders that have to be
controlled for in order to identify the causal relationship between policy /behavior and the
growth rate of cases and deaths.

Our key findings from regression analysis are as follows. We find that both policies
and information on past cases and deaths are important determinants of people’s social
distancing behavior, where policy effects explain more than 50% of the observed decline in
the four behavior variablesﬂ Our estimates suggest that there are both large policy effects
and large behavioral effects on the growth of cases and deaths. Except for mandatory masks,
the effect of policies on cases and deaths is indirectly materialized through their impact on
behavior; the effect of mandatory mask policy is direct without affecting behavior.

Using the estimated model, we evaluate the dynamic impact of the following counterfac-
tual policies on Covid-19 cases and deaths: mandating face masks, allowing non-essential
businesses to open, not implementing a stay-at-home order, and removing all policies. The
counterfactual experiments show a large impact of those policies on the number of cases and
deaths. They also highlight the importance of voluntary behavioral response to infection
risks for evaluating the dynamic policy effects.

Figure [I] shows that nationally implementing mandatory face masks for employees in
public businesses on April 1st would have reduced the growth rate of cases (top panel) and
that of deaths (bottom panel) by more than 10 percentage points in late April. This leads
to reductions of 25% and 35% in reported cases and deaths, respectively, by the end of
May with a 90 percent confidence interval of [10,45]% and [17, 55]%, which roughly implies
that as many as 17 to 55 thousand lives could have been savedﬁ This finding is significant:
given this potentially large benefit of reducing the spread of Covid-19, mandating masks
is an attractive policy instrument especially because it involves relatively little economic
disruption. These estimates contribute to the ongoing efforts towards designing approaches

to minimize risks from reopening 2020b).

Figure [ illustrates how allowing non-essential businesses to remain open could have
affected the growth of cases. We estimate that non-essential business closures have a small
impact on growth rates, with a 90% confidence interval that includes both negative and
positive effects. When this effect on growth rates is converted to a change in levels, the point
estimates indicate that keeping non-essential businesses open (other than movie theaters,
gyms, and keeping restaurants in the “take-out” mode) could have increased cases and

3The behavior accounts for the other half. This is in line with theoretical study by
that investigates the role of private behavior and negative external effects for individual
decisions over policy compliance as well as information acquisition during pandemics.

4As of May 27, 2020, the US Centers for Disease Control and Prevention reports 99,031 deaths in the
Us.
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deaths by 15% (with a 90 percent confidence interval of —20% to 60%). These estimates
contribute to the ongoing efforts of evaluating various reopening approaches.

In Figure | we find that, without stay-at-home orders, the case growth rate would have
been nearly 10 percentage points higher in late April. No stay-at-home orders could have
led to 80% more cases by the start of June with a 90 precent confidence interval given by
25% to 170%. This implies that 0.5 to 3.4 million more Americans would have been infected
without stay-at-home orders, providing suggestive evidence that reopening via removal of
stay-at-home orders could lead to a substantial increase in cases and deaths.

In our counterfactual experiment of removing all policies, we find that the results are
sensitive to whether the number of past national cases/deaths is included in a specification
or not. This sensitivity arises because there is little variation across states in the timing of
school closures. This makes the effect of school closures difficult to identify. In Figure [[5}
we show that in a specification that excludes past national cases (which allow for greater
attribution of effects to school closures), the number of cases by the end of May could have
increased 7-fold or more with a very large upper bound. On the other hand, as shown in
Figure [[6] under a specification with past national cases, our counterfactual experiment
implies a 0 to 10 fold increase in cases by the end of May. This highlights the uncertainty
regarding the impact of all policies versus private behavioral responses to information.
Evaluation of re-opening policies needs to be aware of this uncertainty.

A growing number of other papers have examined the link between non-pharmaceutical
interventions and Covid-19 casesﬂ [Hsiang et al| (2020)) estimate the effect of policies on
the growth rate of cases using data from the United States, China, Iran, Italy, France, and
South Korea. In the United States, they find that the combined effect of all policies they
consider on the growth rate is —0.347 (0.061). [Courtemanche et al.| (2020) use US county
level data to analyze the effect of interventions on case growth rates. They find that the
combination of policies they study reduced growth rates by 9.1 percentage points 16-20
days after implementation, out of which 5.9 percentage points are attributed to shelter
in place orders. Both [Hsiang et al| (2020) and |Courtemanche et al| (2020) adopted a
reduced-form approach to estimate the total policy effect on case growth without using any
social distancing behavior measures. In contrast, our study highlights the role of behavioral
response to policies and information.

Existing evidence for the impact of social distancing policies on behavior in the US is
mixed. |Abouk and Heydari (2020) employ a difference-in-differences methodology to find
that statewide stay-at-home orders have strong causal impacts on reducing social interac-
tions. In contrast, using data from Google Mobility Reports, [Maloney and Taskin| (2020
find that the increase in social distancing is largely voluntary and driven by informationﬂ

5We refer the reader to (2020)) for a comprehensive review of a larger body of work researching

Covid-19; here we focus on few quintessential comparisons on our work with other works that we are aware
of.

GSpeciﬁcally, they find that of the 60 percentage point drop in workplace intensity, 40 percentage points
can be explained by changes in information as proxied by case numbers, while roughly 8 percentage points
can be explained by policy changes.
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FIGURE 1. Effect of nationally mandating masks for employees on April 1st
in the US
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Another study by (2020)) also found little evidence that stay-at-home mandates
induced distancing by using mobility measures from PlacelQ and SafeGraph. Using data

from SafeGraph, (2020)) show that there has been substantial voluntary social
distancing but also provide evidence that mandatory measures such as stay-at-home orders
have been effective at reducing the frequency of visits outside of one’s home.

[Pei, Kandula, and Shaman| (2020) use county-level observations of reported infections
and deaths in conjunction with mobility data from SafeGraph to estimate how effective
reproductive numbers in major metropolitan areas change over time. They conduct simu-
lation of implementing all policies 1-2 weeks earlier and found that it would have resulted
in reducing the number of cases and deaths by more than half. However, their study does
not explicitly analyze how policies are related to the effective reproduction numbers.
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F1GURE 2. Effect of leaving non-essential businesses open on cases in the US
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Epidemiologists use model simulations to predict how cases and deaths evolve for the
purpose of policy recommendation. As reviewed by , there exist sub-
stantial uncertainty about the values of key epidimiological parameters (see also ,
[2020a}; |Stockl, 2020a)). Simulations are often done under strong assumptions about the im-
pact of social distancing policies without connecting to the relevant data (e.g.,
, . Furthermore, simulated models do not take into account that people may
limit their contact with other people in response to higher transmission risksﬂ When such
a voluntary behavioral response is ignored, simulations would produce exponential spread of
disease and would over-predict cases and deaths. Our counterfactual experiments illustrate

the importance of this voluntary behavioral change.

See |Atkeson] (|2020b|) and |Stock 2020§J for the implications of the SIR model for Covid-19 in the US.
[Fernandez-Villaverde and Jones| estimate a SIRD model in which time-varying reproduction numbers
depend on the daily deaths to capture feedback from daily deaths to future behavior and infections.
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Whether wearing masks in public place should be mandatory or not has been one of the
most contested policy issues with health authorities of different countries providing con-
tradiction recommendations. Reviewing evidence, |Greenhalgh et al| (2020) recognize that
there is no randomized controlled trial evidence for the effectiveness of face masks, but they
state “indirect evidence exists to support the argument for the public wearing masks in the
Covid-19 pandomic,”ﬁ|Howard et al(2020) also review available medical evidence and con-
clude that “mask wearing reduces the transmissibility per contact by reducing transmission
of infected droplets in both laboratory and clinical contexts.” The laboratory findings in
suggest that the nasal cavity may be the initial site of infection followed
by aspiration to the lung, supporting the argument “for the widespread use of masks to
prevent aersol, large droplet, and/or mechanical exposure to the nasal passages.”

Given the lack of experimental evidence on the effect of masks, conducting observational
studies is useful and important. To the best of our knowledge, our paper is the first empirical
study that shows the effectiveness of mask mandates on reducing the spread of Covid-19 by
analyzing the US state-level data. This finding corroborates and is complementary to the
medical observational evidence in [Howard et al| (2020). Analyzing mitigation measures in
New York, Wuhan, and Italy, [Zhang et al| (2020b]) conclude that mandatory face coverings
substantially reduced infections. [Abaluck et al| (2020) find that the growth rates of cases
and of deaths in countries with pre-existing norms that sick people should wear masks
are lower by 8 to 10% than those rates in countries with no pre-existing mask norms. Our
finding is also corroborated by a completely different causal methodology based on synthetic

control using German data in (2020)) ﬂ

Our empirical results contribute to informing the economic-epidemiological models that
combine economic models with variants of SIR models to evaluate the efficiency of various
economic policies aimed at gradual “reopening” of various sectors of economyﬂ For ex-
ample, the estimated effects of masks, stay-home mandates, and various other policies on
behavior, and of behavior on infection can serve as useful inputs and validation checks in the
calibrated macro, sectoral, and micro models (see, e.g., Alvarez, Argente, and Lippi (2020));
Bagaee et al(2020); [Fernandez-Villaverde and Jones| (2020); |Acemoglu et al. (2020); Keppol
et al| (2020); McAdams| (2020) and references therein). Furthermore, the causal framework
developed in this paper could be applicable, with appropriate extensions, to the impact of
policies on economic outcomes replacing health outcomes (see, e.g., |Chetty et al.| (2020);
|Coibion, Gorodnichenko, and Weber| (2020)).

8The virus remains viable in the air for several hours, for which surgical masks may be effective. Also, a
substantial fraction of individual who are infected become infectious before showing symptom onset.

90ur study was first released in ArXiv on May 28, 2020 whereas was released at SSRN
on June 8, 2020.

1 analyzes the effect of policies reducing interpersonal contacts such as school closures or the
closure of public transportation networks on the spread of influenza, gastroenteritis, and chickenpox using
high frequency data from France.
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2. THE CAUSAL MODEL FOR THE EFFECT OF POLICIES, BEHAVIOR, AND INFORMATION
ON GROWTH OF INFECTION

2.1. The Causal Model and Its Structural Equation Form. We introduce our ap-
proach through the Wright-style causal diagram shown in Figure @] The diagram describes
how policies, behavior, and information interact together:

e The forward health outcome, Y; ;1 ¢, is determined last, after all other variables have
been determined;

e The adopted policies, P, affect health outcome Y; ¢y, either directly, or indirectly
by altering human behavior Bj;

e Information variables, I, such as lagged values of outcomes can affect human be-
havior and policies, as well as outcomes;

e The confounding factors Wy, which vary across states and time, affect all other
variables.

The index i denotes observational unit, the state, and ¢ and ¢ + ¢ denotes the time, where
¢ represents the time lag between infection and case confirmation or death.

FIGURE 4. S. & P. Wright type causal path diagram for our model.

Our main outcomes of interest are the growth rates in Covid-19 cases and deaths, be-
havioral variables include proportion of time spent in transit or shopping and others, policy
variables include stay-at-home orders and school and business closures, and the informa-
tion variables include lagged values of outcome. We provide a detailed description of these
variables and their timing in the next section.

The causal structure allows for the effect of the policy to be either direct or indirect —
through-behavior or through dynamics; and all of these effects are not mutually exclusive.
The structure also allows for changes in behavior to be brought by change in policies and in-
formation. These are all realistic properties that we expect from the contextual knowledge
of the problem. Policies such as closures of schools, non-essential business, and restau-
rants, alter and constrain behavior in strong ways. In contrast, policies such as mandating
employees to wear masks can potentially affect the Covid-19 transmission directly. The
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information variables, such as recent growth in the number of cases, can cause people to
spend more time at home, regardless of adopted state policies; these changes in behavior in
turn affect the transmission of Covid-19.

The causal ordering induced by this directed acyclical graph is determined by the follow-
ing timing sequence:

(1) information and confounders get determined at ¢,

(2) policies are set in place, given information and confounders at ¢;

(3) behavior is realized, given policies, information, and confounders at t;

(4) outcomes get realized at t+¢ given policies, behavior, information, and confounders.

The model also allows for direct dynamic effects of information variables on the outcome
through autoregressive structures that capture persistence in growth patterns. As high-
lighted below, realized outcomes may become new information for future periods, inducing
dynamics over multiple periods.

Our quantitative model for causal structure in Figure [ is given by the following econo-
metric structural equation model:

Yiere(b,p,0) :=a'b47'p 4 p'v 4+ 03 Wi + €},

o (SEM)
Bit(p,¢) =Bp+7t+ 0 Wi + €5,

which is a collection of functional relations with stochastic shocks, decomposed into observ-
able part ¢'W and unobservable part e. The terms ¢¥, and E?t are the centered stochastic
shocks that obey the orthogonality restrictions posed below.

The policies can be modeled via a linear form as well,
Pu(t) =0t + 0p Wy + &b, (P)

although linearity is not criticalﬂ
The orthogonality restrictions on the stochastic components are as follows:
e, L (e, e, Wi, In),

el L (b, Wi, In), (0)
el L (Wi, L),

Hynder some additional independence conditions, this can be replaced by an arbitrary non-additive
function Py (¢) = p(t, Wit, €%,), such that the unconfoundedness condition stated in the next footnote holds.
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where we say that V' L U if EVU = 0. This is a standard way of representing restrictions
on errors in structural equation modclingm

The observed variables are generated by setting ¢ = I;; and propagating the system from
the last equation to the first:

Yiire =Yirre(Bit, P, Lit),
Bt =Byt(Pit, Lir),
Py =Py (Iir).

The system above together with orthogonality restrictions @ implies the following col-
lection of stochastic equations for realized variables:

Yiire = o' By + 7' Py 4 p' Iy + 0y Wiy + €%, % L Bit, P, Iy, Wi (BPI-Y)

Bit = B'Pit +~'Lit + 0y Wi + €5, el L Py, Iit, Wy, (PI-B)

Py =1Ly + 6p Wi + b, el L Ly, Wy (I=P)
and

Yiteo = (/B + 7 )Py + (/v + )Ly + 0 Wi + &y Eir L Py, Ly, Wi (PI=Y)

These equations form the basis of our empirical analysis.

As discussed below, the information variable includes case growth. Therefore, an orthog-
onality restriction €%, L P holds if the government does not have knowledge on future
case growth beyond what is predicted by today’s case growth, policies, behavior, and con-
founders; even when the government has some knowledge on €%, the orthogonality restriction
may hold if there is a time lag for the government to implement its policies based on e%’t.

The orthogonality condition in is weaker than the orthogonality conditions in
(BPI=Y)-(PI=B) in that the former is implied by the latter but not vice versa. The system
over-identifies the regression coefficients because (o/' + 7’) and (o// + /') in can
be also identified from o/, @/, 1/, 8/, and v/ in (BPI=Y)-(PI=B). Comparing the estimates
of (/' +7') and (/7 + ') from (PI=Y]) with those implied by the estimates of o/, 7/,
i, B, and 4/ from 1@’ provides a useful specification test.

Identification and Parameter Estimation. The orthogonality equations imply that
these are all projection equations, and the parameters of the SEM are identified by the
parameters of these regression equation, provided the latter are identified by sufficient joint
variation of these variables across states and time.

12 A alternative useful starting point is to impose the Rubin-Rosenbaum type unconfoudedness condition:
Yiee( s o) AL (Pie, Bir, Li) | Wir, Bie(ey-) AL (Pie, L) | Wie, Piu(-) AL Liy | Wi,

which imply, with treating stochastic errors as independent additive components, the orthogonal conditions
stated above.
13The structural equations of this form are connected to triangular structural equation models, appearing

in microeconometrics and macroeconometrics (SVARs), going back to the work of [Strotz and Wold| (1960)).

COVID ECONOMICS
VETTED AND REAL-TIME PAPERS



Covid Economics 35, 7 July 2020: 116-176

9328 PRESS

126

The last point can be stated formally as follows. Consider the previous system of equa-
tions, after partialling out the confounders:

f/z,tw‘ =a/Biy + ' Py + ' Iy + %, e L Bit, Py, Iy,

By =Py +~Ii+el, el L Py, I, €]
Py =n'Ij + b, e LI

where Vi, = Vii—11 LE[WyWL]TE[W; V] denotes the residual after removing the orthogonal
projection of V;; on ;. The residualization is a linear operator, implying that follows
immediately from the above. The parameters of are identified as projection coefficients
in these equations, provided that residualized vectors appearing in each of the equations
have non-singular variance, that is

Var(]si't, Bf,,fzt) >0, Var(f?i’t, Zt) >0, and Var(fgt) > 0. (2)

Our main estimation method is the standard correlated random effects estimator, where
the random effects are parameterized as functions of observable characteristic, 17;;, which
include both state-level and time random effects. The state-level random effects are mod-
eled as a function of state level characteristics, and the time random effects are modeled
by including month dummies and their interactions with state level characteristics. The
stochastic shocks {e;;}X_; are treated as independent across states i and can be arbitrarily
dependent across time ¢ within a state.

A secondary estimation method is the fixed effects estimator, where 1V;; includes latent
(unobserved) state level effects 17, and and time level effects 17, which must be estimated
from the data. This approach is much more demanding of the data and relies on long
cross-sectional and time histories. When histories are relatively short, large biases emerge
and they need to be removed using debiasing methods. In our context, debiasing changes
the estimates substantially, often changing the sign of coefﬁcientSE However, we find the
debiased fixed effect estimates are qualitatively and quantitatively similar to the correlated
random effects estimates. Given this finding, we chose to focus on the latter, as it is a
more standard and familiar method, and report the former estimates in the supplementary
materials for this paperﬁ

2.2. Information Structures and Induced Dynamics. We consider three examples of
information structures: Information variable is a function of time:

Iit = g(t);
Information variable is lagged value of outcome:
Iy = Yig;

MThis is a pre-cautionary message that may be useful for other researchers using fixed effects estimators
in the context of Covid-19 analysis. We recommend using debiased fixed effects estimators, see e.g.,
|Ch0rnozhukov, and Fcrnéndcz—Val| for expository treatment.

19The similarity of the debiased fixed effects and correlated random effects served as a useful specification
check. Moreover, using the fixed effects estimators only yielded minor gains in predictive performances, as
judging by the adjusted R?’s, providing another useful specification check.
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and finally:

(I) Information variables include time, lagged and integrated values of outcome:

/0 !

I’i,t = g(t), Y;'tv Z Yvi,t—ém )
m=0
with the convention that Y;; = 0 for t < 0.

The first information structure captures the basic idea that, as individuals discover more in-
formation about covid over time, they adapt to safer modes of behavior (stay-at-home, wear
masks, wash hands). Under this structure, information is common across states and exoge-
nously evolves over time, independent of the number of cases. The second structure arises
from considering autoregressive components and captures people’s behavioral response to
information on cases in the state they reside. Specifically, we model persistence in growth
rates, Y; 44/, through an AR(1) model, which leads to I;; = Yj;. This provides useful local,
state-specific, information about the forward growth rate and people may adjust their be-
havior to safer modes when they see a high value. We model this adjustment via the term
~'I; in the behavior equation. The third information structure is the combination of the
first two structures plus an additional term representing the log of the total number of new
cases in the state. We use this information structure in our empirical specification. In this
structure, people respond to both global information, captured by a function of time such
as month dummies, and local information sources, captured by the local growth rate and
the total number of cases. The last element of the information set can be thought of as a
local stochastic trend in cases.

All of these examples fold into a specification of the form:
Lip o= Liy(Lig 0, Yir, t), t=1,..,T, o)

with the initialization ;o = 0 and Y,y = OE

With any structure of this form, realized outcomes may become new information for
future periods, inducing a dynamical system over multiple periods. We show the resulting
dynamical system in a causal diagram of Figure ] Specification of this system is useful
for studying delayed effects of policies and behaviors and in considering the counterfactual
policy analysis.

2.3. Outcome and Key Confounders via SIR model. Letting C;; denote the cumu-
lative number of confirmed cases in state i at time ¢, our outcome

Yit = Alog(ACy) := log(AC;;) — log(AC; ;1) (3)
16T his initialization is appropriate in our context for analyzing pandemics from the very beginning, but

other initializations could be appropriate in other contexts. The lagged values of behavior variable may be
also included in the information set.
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FIGURE 5. Dynamic System Induced by Information Structure and SEM

approximates the weekly growth rate in new cases from ¢ — 7 to tlzl Here A denotes the
differencing operator over 7 days from ¢ to t — 7, so that ACj; := Cy — Cj4—7 is the number
of new confirmed cases in the past 7 days.

We chose this metric as this is the key metric for policy makers deciding when to relax
Covid mitigation policies. The U.S. government’s guidelines for state reopening recommend
that states display a “downward trajectory of documented cases within a 14-day period”
(White Touse, 2020). A negative value of Yj; is an indication of meeting this criteria for
reopening. By focusing on weekly cases rather than daily cases, we smooth idiosyncratic
daily fluctuations as well as periodic fluctuations associated with days of the week.

Our measurement equation for estimating equations 1|§PI—> Yl and |pla Yl will take the
form:

Alog(ACy) = Xz{,tflélg — v+ orAlog(Ty) + €, (M-C)

where i is state, t is day, Cj; is cumulative confirmed cases, T3 is the number of tests over
7 days, A is a 7-days differencing operator, €;; is an unobserved error term. X;;_14 collects
other behavioral, policy, and confounding variables, depending on whether we estimate
(BPI=Y)) or (PI=Y)]), where the lag of 14 days captures the time lag between infection and
confirmed case (see the Appendix [A.G]). Here

Alog(Tyt) = log(Ti) — log(T;t-7)

is the key confounding variable, derived from considering the SIR model below. We describe
other confounders in the empirical section.

Our main estimating equation @ is motivated by a variant of SIR model, where we
add confirmed cases and infection detection via testing. Let S, Z, R, and D denote the
number of susceptible, infected, recovered, and dead individuals in a given state. Each of

17We may show that log(AC;;) — log(AC;,+—7) approximates the average growth rate of cases from ¢ — 7
to t.
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these variables are a function of time. We model them as evolving as

s = 2D gy (W
1) = "W a0yz) - 1z 6
R(t) = (1= r)VZ(t) (6)
D(t) = kZ(t) (7)

where N is the population, 3(t) is the rate of infection spread, v is the rate of recovery or
death, and « is the probability of death conditional on infection.

Confirmed cases, C(t), evolve as
C(t) = 7(HZ(b), (8)

where 7(t) is the rate that infections are detected.

Our goal is to examine how the rate of infection 3(¢) varies with observed policies and
measures of social distancing behavior. A key challenge is that we only observed C(¢) and
D(t), but not Z(t). The unobserved Z(t) can be eliminated by differentiating (§) and using

as

E@) _ S g ., 70
%— Nﬁ(t) ’YJFT(t)- )

We consider a discrete-time analogue of equation @D to motivate our empirical specification
by relating the detection rate 7(¢) to the number of tests Tj; while specifying %ﬁ(t) as a

linear function of variables X;;_14. This results in
Alog(ACy) = Xg’t,lﬁ + e+ orAlog(T)i
e — | L 1 e — |

S S(t) ()
0] B —y E=0)

which is equation (M-CJ), where X; ;14 captures a vector of variables related to 3(t).

STRUCTURAL INTERPRETATION. Early in the pandemic, when the num-
ber of susceptibles is approximately the same as the entire population, i.e.
Sit/Nit = 1, the component X{7t_140 is the projection of infection rate j;(t)
on X; ;14 (policy, behavioral, information, and confounders other than test-
ing rate), provided the stochastic component €; is orthogonal to X; ;14 and
the testing variables:

Bi(t)Sit/Niw — v = X140 + €ir,  €ir L Xig14.

2.4. Growth Rate in Deaths as Outcome. By differentiating @ and with respect
to t and using @D, we obtain
D) _C() () _ S

%:%—@*Tﬁ(ﬂ—% (10)
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Our measurement equation for the growth rate of deaths is based on equation but
account for a 21 day lag between infection and death as

Alog(ADy) = Xﬁt,me + €, (M-D)

where
A]Og(ADZt) = log(Ath) — log(ADi,t,ﬁ (11)

approximates the weekly growth rate in deaths from ¢ — 7 to ¢ in state <.

3. DECOMPOSITION AND COUNTERFACTUAL POLICY ANALYSIS

3.1. Total Change Decomposition. Given the SEM formulation above, we can carry out
the following decomposition analysis, after removing the effects of confounders. For exam-
ple, we can decompose the total change EY;;,, — EYj, in the expected outcome, measured
at two different time points ¢ + ¢ and o into the sum of three components:

EY 0~ EYig = o/ (EPy — EP,)

S — |

Total Change Policy Effect via Bohavior

+7' (P — EP, )
e —
Direct Policy Effect

Taly (Efi,, . EI}O) T (EL, . EI}U)

(12)

Dynamic Effect
=: PEB, + PED, + DynE,,

where the first two components capture the immediate effect and the third represents the
delayed or dynamic effect.

In the three examples of information structure given earlier, we have the following forms
for the dynamic effect: for the trend model,
DynE; = (ya + p)Ag,, Age = (g(t) — gt — 1))
and for the lag model,
t/e
DynE, = > (ya + )™ (PEBy_ ¢ + PEDy_py),

m=1

interpreting ¢/¢ as |¢/¢]. For the general model we use, the dynamic effect is

() DynE, = Y020 (902 + sz + (v@)s + )™ ((v)1 + 1) Agy
+ 0 ()2 + iz + (va)3 + p3)™ (PEBy_yn¢ + DPEq_n0)
+ U () + )™ (PEB;_(m41y¢ + DPE¢_(ni1)0) -
The effects can be decomposed into (a) delayed policy effects via behavior by summing terms

containing PEB, (b) delayed policy effects via direct impact by summing terms containing
DPE, (c) pure behavior effects, and (d) pure dynamic feedback effects.
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3.2. Counterfactuals. We also consider simple counterfactual exercises, where we examine
the effects of setting a sequence of counterfactual policies for each state:

{Fﬁ}zﬂzlv Z:LN

We assume that the SEM remains invariant, except of course for the policy equationH
Given the policies, we propagate the dynamic equations:

Yi:‘,JrA = i,t+l(Bi*/,7Pi§71fl,)a
B, =Bu(P}. I}), (CEF-SEM)
z'*t = it(];/,—(,vyvitatx

with the initialization I = 0, Y5 = 0, B}, = 0, P} = 0. In stating this counterfactual
system of equations, we make the following invariance assumption

INVARIANCE ASSUMPTION. The equations of (CF-SEM) remain exactly of
the same form as in the (SEM) and (I). That is, under the policy intervention
{P};}, parameters and stochastic shocks in (SEM) and (I) remain the same
as under the original policy intervention {P;}.

Let PY%,,, and PY; ;4¢ denote the predicted values produced by working with the coun-
terfactual system (CEF-SEM]) and the factual system (SEM):
PY o= (/B + )P + (oY + 1) I + 6 Wi,

PYitre = (/B + 7Py + (/v + 1)Ly + ' W.
In generating these predictions, we make the assumption of invariance stated above.

Then we can write the difference into the sum of three components:

* !l * / *
PYiore = PYigwe = o/B(Pi—Pu)  +7 (D5 — Pu)
e — |
Predicted CF Change CF Policy Effect via Behavior ~CF Direct Effect

+ oy (I = L) + ' (I — L)
CF Dynamic Effect
—: PEB}, + PED}, + DynE},. (13)

Similarly to what we had before, the counterfactual dynamic effects take the form:

I
(I) DynEj, =10, (va)a + 2+ (ya)s + u3)™ (PEBY,_,,, + DPEY, )
t/l—1 7
+ 20 ()3 + )™ (PEB;tf('nTH)Z + DPEZHmH)z) ;

interpreting ¢/¢ as |¢/¢|. The effects can be decomposed into (a) delayed policy effects via
behavior by summing terms containing PEB, (b) delayed policy effects via direct impact by

1814 is possible to consider counterfactual exercises in which policy responds to information through the
policy equation if we are interested in endogenous policy responses to information. Although this is beyond
the scope of the current paper, counterfactual experiments with endogenous government policy would be
important, for example, to understand the issues related to the lagged response of government policies to
higher infection rates due to incomplete information.
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summing terms containing DPFE, (c) pure behavior effects, and (d) pure dynamic feedback
effects.

4. EMPIRICAL ANALYSIS

4.1. Data. Our baseline measures for daily Covid-19 cases and deaths are from [The New|
York Times (NYT). When there are missing values in NYT, we use reported cases and
deaths from JHU CSSE, and then the Covid Tracking Project. The number of tests for
each state is from [Covid Tracking Projectl. As shown in Figure 2] in the appendix, there
was a rapid increase in testing in the second half of March and then the number of tests
increased very slowly in each state in April.

We use the database on US state policies created by Raifman et al| (2020). In our
analysis, we focus on 6 policies: stay-at-home, closed nonessential businesses, closed K-12
schools, closed restaurants except takeout, closed movie theaters, and mandate face mask
by employees in public facing businesses. We believe that the first four of these policies are
the most widespread and important. Closed movie theaters is included because it captures
common bans on gatherings of more than a handful of people. We also include mandatory
face mask use by employees because its effectiveness on slowing down Covid-19 spread
is a controversial policy issue (Howard et all, |2020; |Greenhalgh et al., [2020; |Zhang et all,
. Tableprovides summary statistics, where N is the number of states that have ever
implemented the policy. We also obtain information on state-level covariates from [Raifma:
, which include population size, total area, unemployment rate, poverty rate,
and a percentage of people who are subject to illness.These confounders are motivated by
[Wheaton and Thompson| (2020) who finds that case growth is associated with residential
density and per capita income.

N Min Median Max
Date closed K 12 schools 51 2020-03-13 2020-03-17 2020-04-03
Stay at home shelter in place 42 2020-03-19 2020-03-28 2020-04-07
Closed movie theaters 49 2020-03-16 2020-03-21 2020-04-06
Closed restaurants except take out 48 2020-03-15 2020-03-17 2020-04-03
Closed non essential businesses 43 2020-03-19 2020-03-25 2020-04-06
Mandate face mask use by employees 39 2020-04-03 2020-05-01 2020-06-01

TABLE 1. State Policies

We obtain social distancing behavior measures from “Google COVID-19 Community Mo-
bility Reports” [2020). The dataset provides six measures of “mobility trends” that
report a percentage change in visits and length of stay at different places relative to a
baseline computed by their median values of the same day of the week from January 3
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FicURE 6. The Evolution of Google Mobility Measures: Transit stations
and Workplaces

Evolution of transit intensity Evolution of workplaces intensity

Percent Change
Percent Change
&

|
&
g

-50

P
date date

This figure shows the evolution of “Transit stations” and “Workplaces” of Google Mobility Reports. Thin gray lines
are the value in each state and date. Thicker colored lines are quantiles of the variables conditional on date.

to February 6, 2020. Our analysis focuses on the following four measures: “Grocery &
pharmacy,” “Transit stations,” “Retail & recreation,” and “Workplaces.”lﬂ

Figure [6] shows the evolution of “Transit stations” and “Workplaces,” where thin lines
are the value in each state and date while thicker colored lines are quantiles conditional on
date. The figures illustrate a sharp decline in people’s movements starting from mid-March
as well as differences in their evolutions across states. They also reveal periodic fluctuations
associated with days of the week, which motivates our use of weekly measures.

In our empirical analysis, we use weekly measures for cases, deaths, and tests by sum-
ming up their daily measures from day ¢ to t — 6. We focus on weekly cases and deaths
because daily new cases and deaths are affected by the timing of reporting and testing,
and are quite volatile as shown in Figure [[7] in the appendix. Aggregating to weekly new
cases/deaths/tests smooths out idiosyncratic daily noises as well as periodic fluctuations
associated with days of the week. We also construct weekly policy and behavior variables
by taking 7 day moving averages from day ¢t — 14 to t — 21 for case growth, where the delay
reflects the time lag between infection and case confirmation. The four weekly behavior
variables are referred as “Transit Intensity,” “Workplace Intensity,” “Retail Intensity,” and
“Grocery Intensity.” Consequently, our empirical analysis uses 7 day moving averages of all
variables recorded at daily frequencies. Our sample period is from March 7, 2020 to June
3, 2020.

Table [ reports that weekly policy and behavior variables are highly correlated with
each other, except for the“masks for employees” policy. High correlations may cause mul-
ticolinearity problems and could limit our ability to separately identify the effect of each
policy or behavior variable on case growth, but this does not prevent us from identifying
the aggregate effect of all policies and behavior variables on case or death growth.

19The other two measures are “Residential” and “Parks.” We drop “Residential” because it is highly
correlated with both “Workplaces” and “Retail & recreation” at correlation coefficients of -0.98. We also
drop “Parks” because it does not have clear implication on the spread of Covid-19.
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workplaces 1.00
retail 0.94 1.00
grocery 0.75 0.82 1.00
transit 0.90 0.92 0.83 1.00
masks for employees -0.32 -0.19 -0.16 -0.30 1.00
closed K-12 schools -0.92 -0.81 -0.58 -0.75 0.46 1.00
stay at home -0.70 -0.69 -0.71 -0.72 0.31 0.65 1.00
closed movie theaters -0.82 -0.77 -0.65 -0.72 0.40 0.85 0.75 1.00
closed restaurants -0.79 -0.83 -0.69 -0.77 0.26 0.77 0.74 0.84 1.00
closed businesses -0.66 -0.68 -0.68 -0.66 0.12 0.59 0.77 0.69 0.73 1.00

Each off-diagonal entry reports a correlation coefficient of a pair of policy and behavior variables.

Figure [7] shows the portion of states that have each policy in place at each date. For
most policies, there is considerable variation across states in the time in which the policies
are active. The one exception is K-12 school closures. About 80% of states closed schools
within a day or two of March 15th, and all states closed schools by early April. This makes
the effect of school closings difficult to separate from aggregate time series variation.

FIGURE 7. Portion of states with each policy
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4.2. The Effect of Policies and Information on Behavior. We first examine how poli-
cies and information affect social distancing behaviors by estimating a version of (P1—B)):

Bl, = (B7) Pt + () it + (63,) Wi + €,

where BY, represents behavior variable j in state ¢ at time ¢. Py collects the Covid related
policies in state ¢ at t. Confounders, 1V;;, include state-level covariates, month indicators,
and their interactions. [;; is a set of information variables that affect people’s behaviors at
t. As information, we include each state’s growth of cases (in panel or deaths (in panel
3b), and log cases or deaths. Additionally, in columns (5)-(8) of each panel, we include
national growth and log of cases or deaths.

Table [3 reports the estimates with standard errors clustered at the state level. Across
different specifications, our results imply that policies have large effects on behavior. Com-
paring columns (1)-(4) with columns (5)-(8), the magnitude of policy effects are sensitive
to whether national cases or deaths are included as information. The coefficient on school
closures is particularly sensitive to the inclusion of national information variables. As shown
in Figure [7], there is little variation across states in the timing of school closures. Conse-
quently, it is difficult to separate the effect of school closures from a behavioral response to
the national trend in cases and deaths.

The other policy coefficients are less sensitive to the inclusion of national case/death
variables. After school closures, stay-at-home orders and restaurant closures have the next
largest effect. Somewhat surprisingly, closure of nonessential businesses appears to have a
modest effect on behavior. Closing movie theaters has a similar, small effect on behavior.
The effect of masks for employees is also small. The comparison of effects across policies
should be interpreted with caution. Differences between policy effects are often statistically
insignificant; except for masks for employees, the policies are highly correlated and it is
difficult to separate their effects.

The row “Z]- Policy;” reports the sum of the estimated effect of all policies, which is
substantial and can account for a large fraction of the observed declines in behavior variables.
For example, in Figure @, transit intensity for a median state was approximately -50% at
its lowest point in early April. The estimated policy coefficients in columns imply that
imposing all six policies would lead to roughly 85% (in columns 1-4) or roughly 50% (in
columns 5-8) of the observed decline. The large impact of policies on transit intensity
suggests that the policies may have reduced the Covid-19 infection by reducing people’s use
of public transportationm

In panel B estimated coefficients of deaths and death growth are generally negative. This
suggests that the higher number of deaths reduces social interactions measured by Google
Mobility Reports perhaps because people are increasingly aware of prevalence of Covid-19
(Maloney and Taskin, 2020). The coefficients on log cases and case growth in panel
are more mixed. In columns (5)-(8) of both panels, we see that national case/death vari-
ables have large, negative coefficients. This suggests that behavior responded to national

2OAnalyzing the New York City’s subway ridership, (2020) finds a strong link between public
transit and spread of infection.
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TABLE 3. The Effect of Policies and Information on Behavior (PI—B)

(A) Cases as Information

CEPR

Dependent variable:

workplaces retail grocery transit workplaces retail grocery transit
) &) (3) (4) (5) (6) ) (8)
masks for employees —0.011 —1.207 —2.178* —3.104 —0.812 —2.422* —2.422"* —4.044"
(0.873) (1.513) (0.952) (2.213) (0.660) (1.347) (0.902) (2.094)
closed K-12 schools —19.678™**  —21.898"**  —13.021™"* —22.694™*  —4.908"** —1.873 —7.923"** —5.147
(2.830) (4.409) (2.536) (5.597) (1.526) (1.979) (2.944) (4.868)
stay at home —2.943*** —5.625"** —5.598*** —8.577"* —3.222"**  —6.306™" —5.620"**  —8.881**"
(1.045) (1.346) (1.361) (2.366) (0.957) (1.154) (1.356) (2.347)
closed movie theaters —1.975" —3.444** —2.897** 1.129 —1.464" —3.061"* —2.643" 1.764
(1.103) (1.607) (1.200) (2.359) (0.820) (1.310) (1.150) (2.252)
closed restaurants —3.151"** —7.682"** —1.431* —7.969"** —1.435"  —5.095"" —0.903 —5.954™*
(1.012) (1.500) (0.756) (2.557) (0.698) (1.002) (0.623) (2.365)
closed businesses —1.942* —1.742 —2.390"* —1.300 —2.131** —2.147* —2.418"* —1.510
(1.116) (1.362) (1.044) (2.039) (0.908) (1.125) (0.981) (1.917)
Alog AC;: 1.791"** 1.046** 1.870"* 1.857"** 1.596*** 1.155"** 1.710"** 1.591**
(0.356) (0.532) (0.376) (0.553) (0.221) (0.378) (0.403) (0.601)
log AC;+ —2.107"* —1.934** 0.225 —1.092 —0.366 0.210 0.880 0.997
(0.493) (0.900) (0.481) (1.175) (0.340) (0.784) (0.542) (1.285)
Alog AC;;.national —2.998"**  —6.952*** —0.319 —3.294***
(0.452) (0.759) (0.680) (1.187)
log AC;:.national —6.610"*  —8.957"**  —2.283*** = _7.854***
(0.440) (0.853) (0.826) (1.396)
state variables Yes Yes Yes Yes Yes Yes Yes Yes
Month x state variables Yes Yes Yes Yes Yes Yes Yes Yes
Zj Policy; -29.699***  -41.597***  -27.515"**  -42.515"**  -13.972**"  -20.904™** -21.931*** -23.772"**
(3.296) (5.343) (3.246) (6.813) (1.953) (2.859) (3.325) (5.127)
Observations 4,284 4,284 4,284 4,284 4,284 4,284 4,284 4,284
R? 0.912 0.854 0.788 0.812 0.945 0.902 0.794 0.836
Adjusted R? 0.912 0.853 0.786 0.810 0.945 0.901 0.793 0.835

Note:

*p<0.1; **p<0.05; ***p<0.01
Dependent variables are “Transit Intensity,” “Workplace Intensity,” “Retail Intensity,” and “Grocery Intensity” defined as 7 days moving averages of
corresponding daily measures obtained from Google Mobility Reports. All specifications include state-level characteristics (population, area, unemployment
rate, poverty rate, and a percentage of people subject to illness) as well as their interactions with the log of days since Jan 15, 2020. The row “Z]- Policyj”
reports the sum of six policy coefficients. Standard errors are clustered at the state level.
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Dependent variable:

workplaces retail grocery transit workplaces retail grocery transit
1) (2) 3) (4) (5) (6) (M (8)
masks for employees —0.477 —2.217 —2.720™" —3.914" —1.335™ —3.487**  —3.156™" = —4.857""
(0.753) (1.415) (1.059) (2.320) (0.642) (1.389) (0.989) (2.270)
closed K-12 schools —24.156™**  —26.171*** —12.250"** —24.946"**  —5.355"*" —1.900 —3.859 —5.245
(2.253) (3.220) (1.771) (3.818) (1.703) (1.934) (2.378) (4.737)
stay at home —2.579" —5.589"** —6.090""* —8.761"** —2.799"**  —5.998"**  —6.229"**  —9.024"**
(0.985) (1.347) (1.523) (2.513) (0.959) (1.188) (1.518) (2.557)
closed movie theaters —2.298"* —4.148"* -3.102** 0.658 —1.032 —2.661" —2.585™ 1.945
(1.140) (1.693) (1.229) (2.364) (0.820) (1.379) (1.144) (2.321)
closed restaurants —3.479"* —7.579""" —1.317" —7.934""* —1.507" —4.919"** —0.400 —5.838""
(1.104) (1.559) (0.752) (2.583) (0.707) (1.016) (0.660) (2.437)
closed businesses —2.106** —2.351" —2.516™" —1.656 —1.072 —0.977 —2.042" —0.563
(1.055) (1.343) (1.126) (2.077) (0.896) (1.160) (1.050) (2.023)
Alog AD;; —0.922** —2.050"** —0.469 —1.263** 0.115 —0.278 0.136 —0.061
(0.407) (0.595) (0.418) (0.619) (0.237) (0.438) (0.422) (0.578)
log AD;: —1.077""* —0.185 0.057 —0.262 —0.644 0.155 0.179 0.134
(0.389) (0.741) (0.565) (1.195) (0.409) (0.790) (0.609) (1.284)
Alog ADj;.national —4.066™"  —6.883"*"  —2.351"""  —4.695"*"
(0.353) (0.619) (0.449) (0.833)
log AD;;.national —6.322***  —7.884*** —2.731"** —6.551"""
(0.420) (0.594) (0.561) (0.997)
state variables Yes Yes Yes Yes Yes Yes Yes Yes
Month X state variables Yes Yes Yes Yes Yes Yes Yes Yes
Z]. Policy; -35.094***  -48.055™**  -27.995"**  -46.554™**  -13.100"**  -19.941*** -18.270"** -23.581"**
(2.253) (3.604) (2.982) (5.781) (2.119) (3.144) (3.258) (6.007)
Observations 4,284 4,284 4,284 4,284 4,284 4,284 4,284 4,284
R? 0.902 0.850 0.778 0.810 0.943 0.905 0.792 0.834
Adjusted R? 0.902 0.849 0.776 0.809 0.943 0.904 0.791 0.833
Note: *p<0.1; **p<0.05; ***p<0.01

Dependent variables are “Transit Intensity,” “Workplace Intensity,” “Retail Intensity,” and “Grocery Intensity” defined as 7 days moving averages of

corresponding daily measures obtained from Google Mobility Reports. All specifications include state-level characteristics (population, area, unemployment
rate, poverty rate, and a percentage of people subject to illness) as well as their interactions with the log of days since Jan 15, 2020. The row “Z] Policy;”
reports the sum of six policy coefficients. Standard errors are clustered at the state level.
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conditions although it is also likely that national case/death variables capture unobserved
aggregate time effects beyond information (e.g., latent policy variables and time-varying
confounders that are common across states) which are not fully controlled by month dum-
mies.

Ficurg 8. Case and death growth conditional on mask mandates

AlogAC;; given masks for employees AlogAD; given masks for employees
1.0 1.0
0.5 0.5
S a
g) 0.0 qc) 0.0
k] S
= 3
-0.5 -0.5
1.0 1.0

Apr 15 May 01 May 15 Jun 01 Apr 15 May 01 May 15 Jun 01

In these figures, red points are the case or death growth rate in states without a mask mandate. Blue points are
states with a mask mandate 14 (21 for deaths) days prior. The red line is the average across states without a mask
mandate 14 (21 for deaths) days earlier. The blue line is the average across states with a mask mandate 14 (21 for
deaths) earlier.

4.3. The Direct Effect of Policies and Behavior on Case and Death Growth. We
now analyze how behavior and policies together influence case and death growth rates. We
begin with some simple graphical evidence of the effect of policies on case and death growth.
Figure [§ shows average case and death growth conditional on date and whether masks are
mandatory for employeesEl The left panel of the figure shows that states with a mask
mandate consistently have 0-0.2 lower case growth than states without. The right panel
also illustrates that states with a mask mandate tend to have lower average death growth
than states without a mask mandate.

Similar plots are shown for other policies in Figures[23|and 24]in the appendix. The figures
for stay-at-home orders and closure of nonessential businesses are qualitatively similar to
that for masks. States with these two policies appear to have about 0.1 percentage point
lower case growth than states without. The effects of school closures, movie theater closures,
and restaurant closures are not clearly visible in these figures. These figures are merely
suggestive; the patterns observed in them may be driven by confounders.

‘We more formally analyze the effect of policies by estimating regressions. We first look at
the direct effect of policies on case and death growth conditional on behavior by estimating

21We take 14 and 21 day lags of mask policies for case and death growths, respectively, to identify the
states with a mask mandate because policies affect cases and deaths with time lags. See our discussion in

the Appendix @
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TABLE 4. The Direct Effect of Behavior and Policies on Case and Death Growth (BPI—Y)

Dependent variable: Dependent variable:
Alog AC:: Alog ADy;
€9) (2) (3) ) ) (2 (3) 4
lag(masks for employees, 14) —0.084™* —0.097*** lag(masks for employees, 21) —0.145"** —0.148***
(0.035) (0.032) (0.052) (0.051)
lag(masks*April, 14) —0.098™ —0.111** lag(masks*April, 21) —0.159" —0.166""
(0.051) (0.051) (0.082) (0.082)
lag(masks*May, 14) —0.080** —0.094"** | lag(masks*May, 21) —0.138** —0.138%*
(0.038) (0.034) (0.061) (0.059)
lag(closed K-12 schools, 14) —0.095 —0.096 0.025 0.024 lag(closed K-12 schools, 21) —0.2717*"  —0.272"*" —0.199%* —0.201"*
(0.089) (0.089) (0.103) (0.103) (0.096) (0.096) (0.094) (0.094)
lag(stay at home, 14) —0.041 —0.042 —0.064 —0.065 lag(stay at home, 21) —0.040 —0.041 —0.047 —0.048
(0.047) (0.048) (0.048) (0.049) (0.065) (0.065) (0.063) (0.064)
lag(closed movie theaters, 14) 0.049 0.047 0.053 0.052 lag(closed movie theaters, 21) 0.039 0.038 0.054 0.052
(0.049) (0.049) (0.048) (0.049) (0.091) (0.091) (0.090) (0.090)
lag(closed restaurants, 14) 0.020 0.020 0.021 0.021 lag(closed restaurants, 21) 0.085 0.085 0.081 0.081
(0.048) (0.048) (0.046) (0.045) (0.067) (0.067) (0.067) (0.067)
lag(closed businesses, 14) —0.004 —0.003 —0.016 —0.015 lag(closed businesses, 21) —0.003 —0.003 —0.003 —0.002
(0.042) (0.042) (0.042) (0.042) (0.056 (0.056) (0.058) (0.058)
lag(workplaces, 14) 0.010* 0.010* 0.003 0.003 lag(workplaces, 21) 0.014*** 0.014*** 0.009 0.009
(0.006) (0.006) (0.006) (0.006) (0.005) (0.005) (0.005) (0.006)
lag(retail, 14) 0.005™ 0.005 0.003 0.003 lag(retail, 21) 0.006 0.006 0.006 0.006
(0.003) (0.003) (0.003) (0.003) (0.004) (0.004) (0.004) (0.004)
lag(grocery, 14) —0.004 ~0.004 ~0.002 —0.002 | lag(grocery, 21) —0.010°**  —0.010***  —0.010"**  —0.010%**
(0.003) (0.003) (0.003) (0.003) (0.004) (0.004) (0.004) (0.004)
lag(transit, 14) 0.003 0.003 0.003 0.003 lag(transit, 21) 0.003 0.003 0.003 0.003
(0.003) (0.003) (0.003) (0.003) (0.003) (0.003) (0.003) (0.003)
lag(A log AC;;, 14) 0.017 0.017 0.023 0.023 lag(Alog AD;y, 21) 0.016 0.016 0.017 0.017
(0.025) (0.025) (0.028) (0.028) (0.034) (0.034) (0.037) (0.037)
lag(log AC}y, 14) —0.110*** —0.110*** —0.089*** —0.089"** | lag(log AD;¢, 21) —0.051** —0.051** —0.049** —0.049%*
(0.019) (0.019) (0.021) (0.021) (0.025) (0.025) (0.024) (0.024)
lag(A log ACj¢.national, 14) —0.090"* —0.089** lag(Alog AD;;.national, 21) —0.046 —0.047
(0.044) (0.044) (0.045) (0.045)
lag(log AC;;.national, 14) —0.184***  —0.184""" | lag(log AD;;.national, 21) —0.060 —0.060
(0.048) (0.048) (0.039) (0.039)
Alog Tj¢ 0.153*** 0.153*** 0.158*** 0.158***
(0.044) (0.044) (0.042) (0.042)
state variables Yes Yes Yes Yes state variables Yes Yes Yes Yes
Month X state variables Yes Yes Yes Yes Month X state variables Yes Yes Yes Yes
27 Polich -0.155 -0.252 -0.078 -0.189 Z] Policyj -0.334"" -0.489"* -0.262 -0.422**
(0.136) (0.156) (0.160) (0.178) (0.164) (0.198) (0.176) (0.208)
>~ wrBehaviory, -0.756*** -0.753*** -0.372* -0.368™* >~ wiBehaviory, -0.871%** -0.870%** -0.646*** -0.642***
(0.143) (0.144) (0.153) (0.152) (0.164) (0.163) (0.181) (0.179)
Observations 3,823 3,823 3,823 3,823 Observations 3,468 3,468 3,468 3,468
R? 0.759 0.759 0.765 0.765 R? 0.521 0.521 0.522 0.522
Adjusted R? 0.757 0.757 0.762 0.762 Adjusted R? 0.516 0.516 0.517 0.517
Note: *p<0.1; **p<0.05; ***p<0.01 | Note: *p<0.1; **p<0.05; ***p<0.01

PRESS

Dependent variable is the weekly growth rate of confirmed cases (in the left panel) or deaths (in the right panel) as defined in equation @ The covariates
include lagged policy and behavior variables, which are constructed as 7 day moving averages between t to t — 7 of corresponding daily measures. The row
“ZJ Policies;” reports the sum of six policy coefficients. The row “3_, wyBehaviors” reports the sum of four coefficients of behavior variables weighted by the
average of each behavioral variable from April 1st-10th. Standard errors are clustered at the state level.
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equation (BP1—Y]):
Yire =o' By + 7' Py 4y Iy + 65 Wi + €%, (14)

where the outcome variable, Y ; ¢, is either case growth or death growth.

For case growth as the outcome, we choose a lag length of ¢/ = 14 days for behavior,
policy, and information variables to reflect the delay between infection and confirmation of
case Biy = (B}, ..., B}) is a vector of four behavior variables in state i. P includes the
Covid-related policies in state ¢ that directly affect the spread of Covid-19 after controlling
for behavior variables (e.g., masks for employees). We include information variables, I,
that include the past cases and case growths because the past cases may be correlated
with (latent) government policies or people’s behaviors that are not fully captured by our
observed policy and behavior variables. We also consider a specification that includes the
past cases and case growth at the national level as additional information variables. 11/ is a
set of confounders that include month dummies, state-level covariates, and the interaction
terms between month dummies and state-level covariatesﬂ For case growth, 11/, also
includes the test rate growth Alog(T); to capture the effect of changing test rates on
confirmed cases. Equation corresponds to derived from the SIR model.

For death growth as the outcome, we take a lag length of £ = 21 days. The information
variables [;; include past deaths and death growth rates; 1, is the same as that of the case
growth equation except that the growth rate of test rates is excluded from 11;; as implied

by equation (M-D).

Table @ shows the results of estimating for case and death growth rates. Column
(1) represents our baseline specification while column (2) allows the effect of masks to be
different before and after May 1st. Columns (3) and (4) include past cases/deaths and
growth rates at national level as additional regressors.

The estimates indicate that mandatory face masks for employees reduce the growth rate
of infections and deaths by 8-15 percent, while holding behavior constant. This suggests
that requiring masks for employees in public-facing businesses may be an effective preventive
measureﬂ The estimated effect of masks on death growth is larger than the effect on case
growth, but this difference between the two estimated effects is not statistically significant.

2275 we review in the Appendix @ a lag length of 14 days between exposure and case reporting, as
well as a lag length of 21 days between exposure and deaths, is broadly consistent with currently available
evidence.

23Month dummies also represent the latent information that is not fully captured by the past cases and
growths.

24Note that we are not evaluating the effect of universal mask-wearing for the public but that of mask-
wearing for employees. The effect of universal mask-wearing for the public could be larger if people comply
with such a policy measure. m 2020) considered a model in which mask wearing reduces the
reproduction number by a factor (1 — e - pm)?, where e is the efficacy of trapping viral partlcles inside the
mask and pm is the percentage of mask- wearmg population. Given an estimate of Ry = 2.4,
argue that 50% mask usage and a 50% mask efficacy level would reduce the reproduction numbcr
from 2.4 to 1.35, an order of magnitude impact.
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Except for mask requirements, policies appear to have little direct effect on case or death
growth when behavior is held constant. The one exception is that closing schools has a
large and statistically significant coefficient in the death growth regressions. As discussed
above, there is little cross-state variation in the timing of school closures, making estimates
of its effect less reliable.

i

The row “Y", wiBehaviory” reports the sum of estimated coefficients weighted by the
average of the behavioral variables from April 1st-10th. The estimates of —0.76 and —0.87
for “Y°, wiBehavior;” in column (1) imply that a reduction in mobility measures relative
to the baseline in January and February have induced a decrease in case and death growth
rates by 76 and 83 percent, respectively, suggesting an importance of social distancing for
reducing the spread of Covid-19. When including national cases and deaths in information,
as shown in columns (3) and (4), the estimated aggregate impact of behavior is substantially
smaller, but remains large and statistically significant.

A useful practical implication of these results are that Google Mobility Reports and
similar data might be useful as a leading indicator of potential case or death growth. This
should be done with caution, however, because other changes in the environment might
alter the relationship between behavior and infections. Preventative measures, including
mandatory face masks, and changes in habit that are not captured in our data might alter
the future relationship between Google Mobility Reports and case/death growth.

The negative coefficients of past cases or deaths in Table []is consistent with a hypothesis
that higher reported cases and deaths change people’s behavior to reduce transmission
risks. Such behavioral changes in response to new information are partly captured by
Google mobility measures, but the negative estimated coefficient of past cases or deaths
imply that other latent behavioral changes that are not fully captured by Google mobility
measures (e.g., frequent hand-washing, wearing masks, and keeping 6ft/2m distancing) are
also important for reducing future cases and deaths.

If policies are enacted and behavior changes, then future cases/deaths and information
will change, which will induce further behavior changes. However, since the model includes
lags of cases/deaths as well as their growth rates, computing a long-run effect is not com-
pletely straightforward. We investigate dynamic effects that incorporate feedback through
information in section [l

4.4. The Total Effect of Policies on Case Growth. In this section, we focus our
analysis on policy effects when we hold information constant. The estimated effect of policy
on behavior in Table [3] and those of policies and behavior on case/death growth in Table
] can be combined to calculate the total effect of policy as well as its decomposition into
direct and indirect effects.

The first three columns of Table @ show the direct (holding behavior constant) and
indirect (through behavior changes) effects of policy under a specification that excludes
national information variables. These are computed from the specification with national
cases or deaths included as information (columns (1)-(4) of Table[8land column (1) of Table
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TABLE 5. The Total Effect of Policies on Case and Death Growth (PI—Y")
Dependent variable: Dependent variable:
Alog AC:: Alog AD:;
€9) (2) (3) ) ) (2 (3) 4)
lag(masks for employees, 14) —0.081"* —0.105"** lag(masks for employees, 21) —0.133** —0.161***
(0.041) (0.037) (0.053) (0.052)
lag(masks*April, 14) —0.157** —0.146™* lag(masks*April, 21) —0.174" —0.193**
(0.067) (0.061) (0.089) (0.091)
lag(masks*May, 14) —0.062 —0.094"** | lag(masks*May, 21) —0.112* —0.145%*
(0.039) (0.036) (0.057) (0.057)
lag(closed K-12 schools, 14) —0.240"* —0.241%" 0.009 0.007 lag(closed K-12 schools, 21) —0.6417""  —0.641""" —0.250%" —0.252"*
(0.097) (0.097) (0.109) (0.108) (0.117) (0.117) (0.103) (0.104)
lag(stay at home, 14) —0.126** —0.128"* —0.117** —0.118** lag(stay at home, 21) —0.080 —0.082 —0.075 —0.076
(0.055) (0.055) (0.052) (0.052) (0.065) (0.065) (0.062) (0.062)
lag(closed movie theaters, 14) 0.030 0.023 0.058 0.054 lag(closed movie theaters, 21) 0.018 0.015 0.065 0.063
(0.052) (0.052) (0.047) (0.047) (0.089) (0.089) (0.084) (0.084)
lag(closed restaurants, 14) —0.042 —0.039 —0.010 —0.009 lag(closed restaurants, 21) —0.015 —0.013 0.031 0.033
(0.049) (0.048) (0.045) (0.044) (0.059) (0.059) (0.055) (0.055)
lag(closed businesses, 14) —0.048 —0.041 —0.035 —0.031 lag(closed businesses, 21) —0.038 —0.035 —0.012 —0.010
(0.050) (0.050) (0.044) (0.044) (0.066) (0.064) (0.063) (0.062)
lag(Alog ACy, 14) 0.040* 0.039* 0.033 0.032 lag(Alog AD;y, 21) —0.0002 0.0002 0.019 0.019
(0.024) (0.024) (0.028) (0.028) (0.033) (0.033) (0.036) (0.036)
lag(log AC;y, 14) —0.138***  —0.138"**  —0.091"**  —0.091"** | lag(log AD, 21) —0.078%**  —0.078"**  —0.062°*  —0.063"*
(0.024) (0.023) (0.026) (0.026) (0.027) (0.027) (0.027) (0.027)
lag(A log AC;¢.national, 14) —0.123***  —0.121"** | lag(Alog AD;;.national, 21) —0.160***  —0.160***
(0.043) (0.042) (0.057) (0.057)
lag(log AC;.national, 14) —0.241"**  —0.239""* | lag(log AD;;.national, 21) —0.120"**  —0.119"**
(0.044) (0.044) (0.030) (0.030)
Alog Tit 0.157*** 0.158*** 0.161*** 0.161***
(0.044) (0.044) (0.042) (0.042)
state variables Yes Yes Yes Yes state variables Yes Yes Yes Yes
Month X state variables Yes Yes Yes Yes Month X state variables Yes Yes Yes Yes
>, Policy, S0.508"*  -0.644"** 0.199 -0.336" | 3, Policy, L0.889°7F  1.042°F  0.402°*  -0.580"**
(0.162) (0.198) (0.164) (0.187) 0.171) (0.213) (0.184) (0.222)
Observations 3,823 3,823 3,823 3,823 Observations 3,468 3,468 3,468 3,468
R? 0.748 0.749 0.761 0.762 R? 0.504 0.504 0.515 0.515
Adjusted R? 0.746 0.747 0.759 0.759 Adjusted R? 0.499 0.499 0.510 0.510
Note: *p<0.1; **p<0.05; ***p<0.01 | Note: *p<0.1; **p<0.05; ***p<0.01

Dependent variable is the weekly growth rate of confirmed cases (in the left panel) or deaths (in the right panel) as defined in equation @ The covariates

PRESS

include lagged policy variables, which are constructed as 7 day moving averages between ¢ to t — 7 of corresponding daily measures. The row “> J Policies;”
reports the sum of six policy coefficients. Standard errors are clustered at the state level.
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TABLE 6. Direct and Indirect Policy Effects without national case/death variables

Cases
Direct Indirect Total PI—Y Coef.  Average ‘ Difference
masks for employees -0.084** -0.008 -0.092** -0.081** -0.086** -0.011
(0.034) (0.024) (0.044) (0.040) (0.041) (0.015)
closed K-12 schools -0.095 -0.337***  -0.432*** -0.240** -0.336*** | -0.192***
(0.093) (0.091) (0.118) (0.095) (0.105) (0.047)
stay at home -0.041 -0.065**  -0.106** -0.126** -0.116** 0.020
(0.046) (0.031) (0.053) (0.055) (0.054) (0.013)
closed movie theaters 0.049 -0.024 0.024 0.030 0.027 -0.005
(0.048) (0.025) (0.055) (0.050) (0.052) (0.016)
closed restaurants 0.020 -0.091*** -0.071 -0.042 -0.057 -0.029*
(0.046) (0.029) (0.044) (0.048) (0.045) (0.016)
closed businesses -0.004 -0.024 -0.028 -0.048 -0.038 0.020*
(0.041) (0.019) (0.049) (0.050) (0.049) (0.011)
Zj Policy -0.155 -0.550***  -0.704*** -0.508*** -0.606*** | -0.196***
(0.136) (0.140) (0.188) (0.157) (0.171) (0.052)
Alog AC;; 0.017 0.023** 0.040* 0.040* 0.040* 0.000
(0.025) (0.010) (0.023) (0.024) (0.023) (0.006)
log ACy -0.110***  -0.036**  -0.146*** -0.138*** -0.142%** -0.008
(0.019) (0.014) (0.026) (0.023) (0.024) (0.007)
Deaths
Direct Indirect Total PI—=Y Coef. Average ‘ Difference
masks for employees ~ -0.145*** -0.004 -0.149*** -0.133*** -0.141*** -0.016
(0.050) (0.023) (0.055) (0.051) (0.052) (0.015)
closed K-12 schools -0.271***  -0.451***  -0.722*** -0.641%** -0.681*** | -0.081***
(0.092) (0.082) (0.111) (0.107) (0.108) (0.026)
stay at home -0.040 -0.034 -0.074 -0.080 -0.077 0.006
(0.064) (0.035) (0.064) (0.064) (0.064) (0.015)
closed movie theaters 0.039 -0.025 0.014 0.018 0.016 -0.004
(0.091) (0.030) (0.089) (0.089) (0.088) (0.018)
closed restaurants 0.085 -0.105** -0.020 -0.015 -0.018 -0.005
(0.065) (0.042) (0.056) (0.057) (0.056) (0.016)
closed businesses -0.003 -0.024 -0.027 -0.038 -0.032 0.011
(0.055) (0.021) (0.061) (0.063) (0.062) (0.013)
Zj Policy; -0.334**  -0.644***  -0.979*** -0.889*** -0.934*** | -0.090**
(0.160) (0.154) (0.171) (0.165) (0.167) (0.035)
Alog AD;y 0.016 -0.025** -0.009 -0.000 -0.004 -0.009*
(0.034) (0.011) (0.031) (0.032) (0.031) (0.005)
log AD;; -0.051** -0.018* -0.069** -0.078*** -0.073*** 0.009*
(0.024) (0.010) (0.028) (0.026) (0.027) (0.005)

Direct effects capture the effect of policy on case growth holding behavior, information, and confounders constant. Direct
effects are given by 7 in equation (BPI—Y]). Indirect effects capture how policy changes behavior and behavior shift case
growth. They are given by « from (BPI—Y]) times 8 from (PI—B]). The total effect is m + So. Column “PI—=Y

Coefficients” shows the coefficient estimates from [PI=Y] Columns “Difference” are the differences between the estimates

from and the combination of and (PI—=DB]

B) while column “Average” are their averages. Standard errors

are computed by bootstrap and clustered on state.

COVID ECONOMICS
VETTED AND REAL-TIME PAPERS



Covid Economics 35, 7 July 2020: 116-176

9328 PRESS

144

TABLE 7. Direct and Indirect Policy Effects with national case/death variables

Cases

Direct Indirect Total PI=Y Coef. Average ‘ Difference

masks for employees ~ -0.097*** -0.019 -0.116*** -0.105%** -0.111*** -0.011
(0.033) (0.017) (0.040) (0.038) (0.039) (0.011)
closed K-12 schools 0.025 -0.021 0.004 0.009 0.007 -0.005
(0.103) (0.040) (0.110) (0.108) (0.109) (0.015)
stay at home -0.064 -0.047**  -0.112** -0.117** -0.114** 0.005
(0.047) (0.023) (0.049) (0.049) (0.049) (0.009)
closed movie theaters 0.053 -0.002 0.051 0.058 0.055 -0.006
(0.048) (0.017) (0.048) (0.046) (0.047) (0.011)
closed restaurants 0.021 -0.038* -0.017 -0.010 -0.013 -0.008
(0.045) (0.020) (0.041) (0.043) (0.041) (0.011)
closed businesses -0.016 -0.013 -0.028 -0.035 -0.032 0.006
(0.042) (0.012) (0.044) (0.044) (0.044) (0.008)
Zj Policy -0.078 -0.140** -0.218 -0.199 -0.209 -0.019
(0.160) (0.065) (0.168) (0.166) (0.167) (0.018)
Alog AC;; 0.023 0.010 0.033 0.033 0.033 -0.000
(0.028) (0.007) (0.028) (0.028) (0.028) (0.003)
log ACy -0.089*** 0.001 -0.088*** -0.091*** -0.090*** 0.003
(0.021) (0.011) (0.028) (0.027) (0.027) (0.005)
Alog AC;;.national -0.090**  -0.040**  -0.130*** -0.123*** -0.126*** -0.006
(0.044) (0.016) (0.044) (0.042) (0.042) (0.013)
log AC¢.national -0.184***  -0.068***  -0.252*** -0.2471%** -0.247*** -0.010
(0.047) (0.022) (0.044) (0.044) (0.044) (0.010)
Deaths

Direct Indirect Total PI—Y Coef.  Average ‘ Difference

masks for employees ~ -0.148*** -0.018 -0.166*** -0.161*** -0.164*** -0.005
(0.048) (0.023) (0.053) (0.050) (0.051) (0.016)
closed K-12 schools -0.199** -0.038 -0.238** -0.250** -0.244** 0.012
(0.091) (0.038) (0.100) (0.099) (0.099) (0.020)
stay at home -0.047 -0.030 -0.077 -0.075 -0.076 -0.002
(0.065) (0.032) (0.063) (0.063) (0.063) (0.014)
closed movie theaters 0.054 0.007 0.061 0.065 0.063 -0.004
(0.090) (0.021) (0.086) (0.083) (0.084) (0.016)
closed restaurants 0.081 -0.058** 0.023 0.031 0.027 -0.008
(0.064) (0.024) (0.053) (0.054) (0.053) (0.014)
closed businesses -0.003 0.003 -0.000 -0.012 -0.006 0.012
(0.056) (0.016) (0.059) (0.060) (0.059) (0.012)
Ej Policy; -0.262 -0.135 -0.397** -0.402** -0.399** 0.005
(0.167) (0.085) (0.179) (0.174) (0.176) (0.024)
Alog AD;y 0.017 -0.002 0.015 0.019 0.017 -0.004
(0.037) (0.005) (0.036) (0.036) (0.036) (0.004)
log AD;¢ -0.049** -0.006 -0.055** -0.062** -0.059** 0.007
(0.024) (0.009) (0.028) (0.027) (0.027) (0.005)
Alog ADjt.national -0.046 -0.069***  -0.115** -0.160*** -0.137*** | 0.045***
(0.046) (0.021) (0.050) (0.057) (0.053) (0.013)
log ADj;.national -0.060 -0.097***  -0.157*** -0.120*** -0.138*** | -0.037***
(0.038) (0.029) (0.032) (0.029) (0.030) (0.012)

Direct effects capture the effect of policy on case growth holding behavior, information, and confounders constant.
Direct effects are given by 7 in equation (BPI—Y]). Indirect effects capture how policy changes behavior and
behavior shift case growth. They are given by « from (BPI—=Y) times 8 from (PI—B]). The total effect is 7 + Sa.

Column “PI—Y Coefficients” shows the coefficient estimates from [PI=Yl Columns “Difference” are the differences

between the estimates from (PI—Y]) and the combination of (BPI—Y]) and (PI—B])) while column “Average” are

their averages. Standard errors are computed by bootstrap and clustered on state.
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@. The estimates imply that all policies combined would reduce the growth rate of cases
and deaths by 0.70 and 0.98, respectively, out of which about two-third to three-fourth
is attributable to the indirect effect through their impact on behavior. The estimate also
indicates that the effect of mandatory masks for employees is mostly direct.

We can also examine the total effect of policies and information on case or death growth,
by estimating ([PI—Y]). The coefficients on policy in this regression combine both the direct
and indirect effects.

Table E shows the full set of coefficient estimates for . The results are broadly
consistent with what we found above. As in Table[3] the effect of school closures is sensitive
to the inclusion of national information variables. Also as above, mask mandates have a
significant negative effect on growth rates.

In columns (2) and (4) of Table [f, we find that the estimated effect of mask mandates
in April is larger than that in May for both case and death regressions. This may reflect
a wider voluntary adoption of masks in May than in April — if more people wear masks
even without mandatory mask policy, the policy effect of mandating masks for employees
becomes weaker.

Table E presents the estimates for the specification with past national case/death vari-
ables. The effects of school closures and the sum of policies are estimated substantially
smaller in Table [] when national case/death variables are included than in Table[§] This
sensitivity reflects the difficulty in identifying the aggregate time effect—which is largely
captured by national cases/deaths—given little cross-sectional variation in the timing of
school closures across states. On the other hand, the estimated effects of policies other
than school closures are similar between Table [f] and Table[7} the effect of other policies are
well-identified from cross-sectional variations.

Column “Difference” in Tables [l and [ show the difference between the estimate of
in column “PI—=Y Coefficient” and the implied estimate from —
in column “Total.” Differences are generally small and statistically insignificant, broadly
supporting the validity of extra orthogonality condition in . The difference for
school closures as well as the sum of all policies in Table [§] is significantly different from
zero, which may be due to the aforementioned difficulty in identifying the effect of school
closures. There is substantial external epidemiological evidence that suggests that schooling
closures may have substantial effects on the spread of the virus: studies like
(2020)) and Davies et al. (2020) establish that children carry substantial amounts of viral
loads and can contribute to the transmission (due to higher contact rate than other age
groups)ﬁ The US data does not allow us to pint down the effect of closing schools reliably
due to their approximate collinearity with trends in national cases.

Column “Average” of Tables [f] and []] reports the average of “Total” and “PI—Y Coeffi-
cient” columns. The average is an appealing and simple way to combine the two estimates

25The evidence presented in (2020) has lead German to make the decision to close schools
early.
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of the total effect: one relying on the causal structure and another inferred from a direct
estimation of equation (PT — Y)ﬂ We shall be using the average estimate in generating the
counterfactuals in the next section. Turning to the results, the estimates of Tables [f] and
[7] imply that all policies combined would reduce Alog AD by 0.97 and 0.40, respectively.
For comparison, the median of Alog AD;; reached its peak in mid-March of about 1.3 (see
Figure [20|in the appendix). Since then it has declined to near 0. Therefore, -0.97 and -0.40
imply that policy changes can account for roughly one-third to two-third of the observed
decrease in death growth. The remainder of the decline is likely due to changes in behavior
from information.

5. EMPIRICAL EVALUATION OF COUNTERFACTUAL POLICIES

We now turn our focus to dynamic feedback effects. Policy and behavior changes that
reduce case and death growth today can lead to a more optimistic, riskier behavior in the
future, attenuating longer run effects. We perform the main counterfactual experiments
using the average of two estimated coefficients as reported in column “Average” of Table
[6] under a specification that excludes the number of past national cases and deaths from
information variables. In the appendix, we also report additional counterfactual experiment
results with the specification that includes the national information variables, and find that
they are very similar. The results on mask policies, business closures, stay-at-home orders
are robust with respect to this variation (see Figures in the appendix). On the other
hand, the results on removing all policies, particularly closure of schools, reported in the
next section, are sensitive to the inclusion of national information variables, highlighting
the large uncertainty regarding the size of the effect. In Figures [0I3] below, the top panel
presents the result on cases while the bottom panel presents the result on deaths.

5.1. Business Mask Mandate. We first consider the impact of a nationwide mask man-
date for employees beginning on April 1st. As discussed earlier, we find that mask mandates
reduce case and death growth even when holding behavior constant. In other words, mask
mandates may reduce infections with relatively little economic disruption. This makes mask
mandates a particularly attractive policy instrument. In this section we examine what would
havSEl happened to the number of cases if all states had imposed a mask mandate on April
1st

For illustrative purpose, we begin by focusing on Washington State. The left column of
Figure [ shows the observed, estimated average, and counterfactual average of Alog AC
(top panel) and Alog AD (bottom panel). To compute the estimated and counterfactual

26Averauging; the two estimates theoretically reduces noise, albeit in our case the reductions are small.
Another approach would be to use precision averaging, which would give similar result. Finally, another
approach would be to use generalized method of moments to estimate all of the equations jointly. We don’t
pursue this approach since it is likely to be non-robust under local deviations from correct specification;
simple model averaging is more appealing in this case.

2TWe feel this is a very plausible counterfactual policy. In a paper made publicly available on April 1st,

Abaluck et al.| (2020) argued for mask usage based on comparisons between countries with and without

pre-existing norms of widespread mask usage.
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FIGURE 9. Effect of mandating masks on April 1st in Washington State
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To compute the estimated and counterfactual paths we use the average of two estimated coefficients as
reported in column “Average” of Table[f] We set initial Alog AC and log AC to their values first observed
in the state we are simulating. We hold all other regressors at their observed values. Error terms are
drawn with replacement from the residuals. We do this many times and report the average over draws of
the residuals. The shaded region is a point-wise 90% confidence interval.

paths, we use the estimate in column “Average” of Table [f] We set initial Alog AC' and
log AC' to their values first observed in the state we are simulating. We hold all other
regressors at their observed values. Error terms are drawn with replacement from the
residuals. We do this many times and report the average over draws of the residuals. The
shaded region is a point-wise 90% confidence interval. The left column shows that the fit
of the estimated and observed growth rate is quite good.

The middle column of Figure[J]shows the change in growth rate from mandating masks on
April 1st. The shaded region is a 90% pointwise confidence interval. As shown, mandating
masks on April 1st lowers the growth of cases or deaths 14 or 21 days later by 0.1 to 0.15.
This effect then gradually declines due to information feedback. Mandatory masks reduce
past cases or deaths, which leads to less cautious behavior, attenuating the impact of the
policy. The reversal of the decrease in growth in late April is due to our comparison of a
mask mandate on April 1st with Washington’s actual mask mandate in early May. By late
April, the counterfactual mask effect has decayed through information feedback, and we are
comparing it the undecayed impact of Washington’s actual, later mask mandate.
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The right column of Figure [J] shows how the changes in case and death growth translate
into changes in cases and deaths. The estimates imply that mandating masks on April 1st
would have led to 500 fewer cases and 250 fewer deaths in Washington by the start of June.

FIGURE 10. Effect of nationally mandating masks for employees on April
1st in the US
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In the left column, the dots are the average change in growth in each state. The blue line is the average
across states of the change in growth. The shaded region is a point-wise 90% confidence interval. The right
column shows the change in cases or deaths relative to the baseline of actual policies.

The results for other states are similar to those for Washington. In the appendix, Figures
[25] and 28] display similar results for Massachusetts and Illinois. Figure [[0]shows the average
change in cases and deaths across states, where the top panel shows the effect on cases and
the bottom panel shows the effect on deaths. The point estimates indicate that mandating
masks on April 1st could have led to 25% fewer cumulative cases and 37% fewer cumulative
deaths by the end of May with their 90 percent intervals given by [10,47]% and [18, 55]%,
respectively. The result roughly translates into 18 to 55 thousand saved lives.
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5.2. Non-essential Business Closures. A particularly controversial policy is the closure
of non-essential businesses. We now examine a counterfactual where non-essential businesses
are never closed. Figure [[] shows the effect of leaving non-essential businesses open in
Washington. The point estimate implies that the closure of non-essential businesses reduced
cases and deaths by a small amount. However, this estimate is relatively imprecise; 90%
confidence intervals for the change in cases and deaths from leaving non-essential businesses
open by the end of May are [-250,700] and [-100,1200], respectively.

Ficurg 11. Effect of leaving non-essential businesses open in Washington
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Figure [[2] shows the national effect of leaving non essential businesses open on cases and
deaths. For cases, the estimates imply that with non-essential businesses open, cases would
be about -15 to 60% higher in late May. The results for deaths are similar but less precise.

5.3. Stay-at-home orders. We next examine a counterfactual where stay-at-home orders
had been never issued. Figure [[3] shows the average effect of no stay-at-home orders. On
average, without stay-at-home orders, case growth rate would have been nearly 0.1 higher
in late April. This translates to 80% [25%,170%] more cases by the start of June. The
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FicUurg 12. Effect of leaving non-essential businesses open in the US
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results for deaths are similar, but slightly less precise, with no increase included in a 90

percent confidence interval.

COVID ECONOMICS
VETTED AND REAL-TIME PAPERS



Covid Economics 35, 7 July 2020: 116-176

9328 PRESS

151

F1cUre 13. Effect of having no stay-at-home orders in the US
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6. COUNTERFACTUAL EFFECT OF REMOVING ALL POLICIES AND ITS SENSITIVITY

We now consider the impact of changing from the observed policies to none. Figure [[5]
shows the average across states of the change in case growth and relative increase in cases
under a specification without past national case variables. Removing policies leads to an
increase of above 0.2 in case growth throughout April and May. The confidence interval
is fairly wide, and its upper bound includes a very large increase in cases by the end of
May. The right panel displays the national increase in aggregate cases without any policy
intervention. The estimates imply at least a 7 fold increase in cases with a large upper
bound by the end of May, or at least 14 million additional cases. The estimated impact on
deaths is larger than cases, and even more imprecise.

The effect of removing all policies includes the effect of school closures. The visual
evidence on growth rates for states with and without school closures, presented blow, suggest
that there may be a potentially large effect, though the history is very short. The main
results presented in Section 3 also support the hypothesis that the school closures were
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FIGURE 14. Case and death growth conditional on policies
AlogAC;; given closed K-12 schools AlogAD;, given closed K-12 schools

AlogACy

In these figures, red points are the case or death growth rate in states without each policy 14 (or 21 for
deaths) days earlier. Blue points are states with each policy 14 (or 21 for deaths) days earlier. The red line
is the average across states without each policy. The blue line is the average across states with each policy.

important at lowering the growth rates. This evidence is consistent with the emerging
evidence of prevalence of Covid-19 among children aged 10-17. Davies et al] (2020]) find
that although children’s transmission and susceptibility rates are half that of ages 20-30,
children’s contact rates are much higher. This type of evidence, as well as, evidence that

children carry viral loads similar to older people (Jones et al(2020)), led Germany to make

the early decision of closing schools.

As discussed above, there is little variation across states in the timing of school closures.
Consequently, the effect of school closures is difficult to identify statistically, because it is
hard to separate it from aggregate time effect, and its estimate is sensitive to an inclusion of
some aggregate variables such as national cases. To support this point, Figure [[ shows the
effect of removing all policies on cases based on the estimates with national cases included as
information. When national case variables are included in the specification, the estimated
effect of school closures, and hence that of removing all policies, is much smaller with a 90%
confidence interval of [0,10] fold increases.

Given this sensitivity, we conclude that there still exists a lot of uncertainty as to the
effect of removing all policies, especially schooling. The impact of not implementing any
policies on cases and deaths can be quite large, but the effect of school closures, hence
that of removing all policies, is not well identified statistically from the US state-level data
alone, because of the lack of cross-sectional variations. Any analyses of re-opening plans
need to be aware of this uncertainty. An important research question is how to resolve this
uncertainty using additional data sources.
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F1cURE 15. Effect of removing policies on cases in the US under a specifi-
cation with only state-level cases/deaths as information
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FIGURE 16. Effect of removing policies on cases in the US under a specifi-
cation with both state-level cases/deaths and national-level cases/deaths as
information
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7. CONCLUSION

This paper assesses the effects of policies on the spread of Covid-19 in the US using state-
level data on cases, tests, policies, and social distancing behavior measures from Google
Mobility Reports. Our findings are summarized as follows.

First, our empirical analysis indicates that mandating face masks has reduced the spread
of Covid-19 without affecting people’s social distancing behavior measured by Google Mo-
bility Reports. Our counterfactual experiment based on the estimated model suggests that
if all states had have adopted mandatory face mask policies on April 1st of 2020, then the
number of deaths by the end of May would have been smaller by as much as 17 to 55%,
which roughly translates to 17 to 55 thousand saved lives.

Second, we find that keeping non-essential businesses open would have led to -20 to 60%
more cases while not implementing stay-at-home orders would have increased cases by 25
to 170 % by the start of June.

Third, we find considerable uncertainty over the impact of all policies combined on case
or death growth because it is difficult to identify the effect of school closures from the US
state-level data due to the lack of variation in the timing of school closures across states.

Fourth, our analysis shows that people voluntarily reduce their visits to workplace, retails,
grocery stores, and limit their use of public transit when they receive information on a
higher number of new cases and deaths. This suggests that individuals make decisions to
voluntarily limit their contact with others in response to greater transmission risks, leading
to an important feedback mechanism that affects future cases and deaths. Model simulations
that ignore this voluntary behavioral response to information on transmission risks would
over-predict the future number of cases and deaths.

Beyond these findings, our paper presents a useful conceptual framework to investigate
the relative roles of policies and information on determining the spread of Covid-19 through
their impact on people’s behavior. Our causal model allows us to explicitly define coun-
terfactual scenarios to properly evaluate the effect of alternative policies on the spread of
Covid-19. More broadly, our causal framework can be useful for quantitatively analyzing
not only health outcomes but also various economic outcomes (Bartik et al., |2020; |(Chetty|

a1, 2020).
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APPENDIX A. DATA CONSTRUCTION

A.1. Measuring AC and Alog AC. We have three data sets with information on daily
cumulative confirmed cases in each state. As shown in Table [ these cumulative case
numbers are very highly correlated. However, Table [f] shows that the numbers are different
more often than not.

NYT JHU CTP

NYT 1.00000 0.99995 0.99991

JHU 0.99995 1.00000 0.99987

CTP 0.99991 0.99987 1.00000
TABLE 8. Correlation of cumulative cases

1 2 3
NYT 1.00 0.28 0.37
JHU 0.28 1.00 0.33
CTP 0.37 0.33 1.00
TABLE 9. Portion of cumulative cases that are equal between data sets

Figure [[7] shows the evolution of new cases in each of these three datasets. In all cases,
daily changes in cumulative cases displays some excessive volatility. This is likely due to
delays and bunching in testing and reporting of results. Table [I0] shows the variance of
log new cases in each data set, as well as their correlations. As shown, the correlations
are approximately 0.9. The NYT new case numbers have the lowest varianceﬁ In our
subsequent results, we will primarily use the case numbers from The New York Times.

NYT JHU CTP
NYT 1.00 0.88 0.87
JHU 0.88 1.00 0.80
CTP 0.87 0.80 1.00
Variance 5.63 7.02 6.64
TABLE 10. Correlation and variance of log daily new cases

For most of our results, we focus on new cases in a week instead of in a day. We do this
for two reasons as discussed in the main text. First, a decline of new cases over two weeks
has become a key metric for decision makers. Secondly, aggregating to weekly new cases
smooths out the noise associated with the timing of reporting and testing.

Table [[1] reports the correlation and variance of weekly log new cases across the three

data sets. Figure [[§ shows the evolution of weekly new cases in each state over time.

28This comparison is somewhat sensitive to how you handle negative and zero cases when taking logs.
Here, we replaced log(0) with —1. In our main results, we work with weekly new cases, which are very rarely
zero.
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Ficureg 17. Daily cases
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Each line shows daily new cases in a state.

NYT JHU CTP
NYT 1.00 0.99 0.99
JHU 0.99 1.00 0.99
CTP 0.99 0.99 1.00
Variance 4.15 4.33 4.20
TABLE 11. Correlation and variance of log weekly new cases

A.2. Deaths. Table[12 reports the correlation and variance of weekly deaths in the three
data sets. Figure [19 shows the evolution of weekly deaths in each state. As with cases, we
use death data from The New York Times in our main results.

NYT JHU CTP
NYT 1.00 0.99 0.99
JHU 0.99 1.00 0.98
CTP 0.99 0.98 1.00

Variance 293262.32 288818.77 204037.51
TABLE 12. Correlation and variance of weekly deaths

A.3. Tests. Our test data comes from The Covid Tracking Project. Figure 2] shows the
evolution of tests over time.
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FicURrRE 18. Weekly Cases
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Each line shows weekly new cases in a state.

FIGURE 19. Weekly Deaths
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Each line shows weekly deaths in a state.
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Ficure 20. Case and death growth
Evolution of AlogACj;

Mar Apr May Jun
date

Evolution of AlogAD;

5.0
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0.0

-25

date

Thin gray lines are case or death growth in each state and date. Thicker colored lines are quantiles of case
or death growth conditional on date.
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FIGURE 21. Number of Tests

Total Cumulative Tests
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These figures use the “total test results” reported by The Covid Tracking Project. This is meant to reflect
the number of people tested (as opposed to the number of specimens tested).
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A.4. Social Distancing Measures. In measuring social distancing, we focus on Google
Mobility Reports. This data has international coverage and is publicly available. Figure
[22] shows the evolution of the four Google Mobility Reports variables that we use in our
analysis.

FIGURE 22. Evolution of Google Mobility Reports

Evolution of workplaces intensity Evolution of retail intensity

Percent Change
&
Percent Change

date

Percent Change
Percent Change

This figure shows the evolution of Google Mobility Reports over time. Thin gray lines are the value of the
variables in each state and date. Thicker colored lines are quantiles of the variables conditional on date.

A.5. Policy Variables. We use the database on US state policies created by
(2020). As discussed in the main text, our analysis focuses on seven policies. For
stay-at-home orders, closed nonessential businesses, closed K-12 schools, closed restaurants
except takeout, and closed movie theaters, we double-checked any state for which
does not record a date. We filled in a few missing dates. Our modified data is
available here. Our modifications fill in 1 value for school closures, 2 for stay-at-home orders,
3 for movie theater closure, and 4 for non-essential business closures. Table[[3]displays all 25
dated policy variables in |[Raifman et al. (2020))’s database with our modifications described
above.

A.6. Timing. There is a delay between infection and when a person is tested and appears
in our case data. maintain a list of estimates of the duration of various
stages of Covid-19 infections. The incubation period, the time from infection to symptom
onset, is widely believed to be 5 days. For example, using data from Wuhan,
estimate a mean incubation period of 5.2 days. reviews the literature and
concludes the mean incubation period is 3-9 days.
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FI1GURE 23. Case and death growth conditional on policies
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In these figures, red points are the case or death growth rate in states without each policy 14 (or 21 for

deaths) days earlier. Blue points are states with each policy 14 (or 21 for deaths) days earlier. The red line
is the average across states without each policy. The blue line is the average across states with each policy.
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FIGURE 24. Case and death growth conditional on policies
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In these figures, red points are the case or death growth rate in states without each policy 14 (or 21 for
deaths) days earlier. Blue points are states with each policyl4 (or 21 for deaths) days earlier. The red line
is the average across states without each policy. The blue line is the average across states with each policy.
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Min

Median

Max

State of emergency

Date closed K 12 schools

Closed day cares

Date banned visitors to nursing homes

Closed non essential businesses

Closed restaurants except take out

Closed gyms

Closed movie theaters

Stay at home shelter in place

End relax stay at home shelter in place

Began to reopen businesses statewide

Reopen restaurants

Reopened gyms

Reopened movie theaters

Resumed elective medical procedures

Mandate face mask use by all individuals in public spaces
Mandate face mask use by employees in public facing businesses
Stop Initiation of Evictions overall or due to COVID related issues
Stop enforcement of evictions overall or due to COVID related issues
Renter grace period or use of security deposit to pay rent

Order freezing utility shut offs

Froze mortgage payments

Waived one week waiting period for unemployment insurance

51
51
15
30
43
48
46
49
42
33
49
41
31
19
35
17
39
24
26

34

36

2020-02-29
2020-03-13
2020-03-16
2020-03-09
2020-03-19
2020-03-15
2020-03-16
2020-03-16
2020-03-19
2020-04-24
2020-04-20
2020-04-24
2020-04-24
2020-04-27
2020-04-20
2020-04-08
2020-04-03
2020-03-16
2020-03-15
2020-04-10
2020-03-12
2020-03-21
2020-03-08

2020-03-11
2020-03-17
2020-03-23
2020-03-16
2020-03-25
2020-03-17
2020-03-20
2020-03-21
2020-03-28
2020-05-15
2020-05-07
2020-05-15
2020-05-16
2020-05-15
2020-04-30
2020-04-20
2020-05-01
2020-03-24
2020-03-23
2020-04-17
2020-03-19
2020-03-21
2020-03-18

2020-03-16
2020-04-03
2020-04-06
2020-04-06
2020-04-06
2020-04-03
2020-04-03
2020-04-06
2020-04-07
2020-06-05
2020-05-29
2020-06-01
2020-06-01
2020-06-01
2020-05-29
2020-05-29
2020-06-01
2020-04-20
2020-04-20
2020-04-24
2020-04-13
2020-03-21
2020-04-06

TABLE 13. State Policies
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Estimates of the time between symptom onset and case reporting or death are less com-
mon. Using Italian data, |Cereda et al. (2020) estimate an average of 7.3 days between
symptom onset and reporting. [Zhang et al. (2020a) find an average of 7.4 days using Chi-
nese data from December to early February, but they find this period declined from 8.9
days in January to 5.4 days in the first week of February. Both of these papers on time
from symptom onset to reporting have large confidence intervals covering approximately 1
to 20 days.

Studying publicly available data on infected persons diagnosed outside of Wuhan,
estimate an average of 15 days from onset to death. Similarly, using publicly
available reports of 140 confirmed Covid-19 cases in China, mostly outside Hubei Province,
[Sanche et al| (2020) estimate the time from onset to death to be 16.1 days.

Based on the above, we expect a delay of roughly two weeks between changes in behavior
or policies, and changes in reported cases while a corresponding delay of roughly three weeks
for deaths.

A.7. Counterfactuals for Massachusetts and Illinois. Figures 25 and [26] present the
fit of estimated cases as well as the counterfactual effect of mandating masks on April 1st
in Massachusetts and Illinois, respectively. Figures 27 and 2§ show the counterfactual effect
of leaving non-essential business open in Massachusetts and Illinois, respectively.
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FIGURE 25. Effect of mandating masks on April 1st in Massachusetts
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To compute the estimated and counterfactual paths we use the average of two estimated coefficients as
reported in column “Average” of Table[7] We set initial Alog AC and log AC to their values first observed
in the state we are simulating. We hold all other regressors at their observed values. Error terms are
drawn with replacement from the residuals. We do this many times and report the average over draws of
the residuals. The shaded region is a point-wise 90% confidence interval.
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FIGURE 26. Effect of mandating masks on April 1st in Illinois
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To compute the estimated and counterfactual paths we use the average of two estimated coefficients as
reported in column “Average” of Table[7] We set initial Alog AC and log AC to their values first observed
in the state we are simulating. We hold all other regressors at their observed values. Error terms are

drawn with replacement from the residuals. We do this many times and report the average over draws of

the residuals. The shaded region is a point-wise 90% confidence interval.
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FI1GURE 27. Effect of leaving businesses open in Massachusetts
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F1GURE 28. Effect of leaving businesses open in Illinois
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A.8. Counterfactuals with National Cases as Information Variables. Figures 2931
present the results of counterfactual analyses that include the national cases/deaths as the
information variables. To create this figure, we repeat the same counterfactual simulation
that we did for Washington with each state. For each state, we hold national cases constant,
but endogenize state specific information. Thus, these figures should be interpreted as an
average of state specific counterfactuals, and not a national counterfactual.

The counterfactual results of mask policies, shelter-in-place, and closing non-essential
businesses remain robust with respect to the inclusion of national case/death variables.
This contrasts to the resulting counterfactual of removing all policies discussed in section
(!

FIGURE 29. Effect of mandating masks for employees on April 1st un-
der a specification with both state-level cases/deaths and national-level
cases/deaths as information
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Ficure 30. Effect of leaving non-essential businesses open under a specifi-
cation with both state-level cases/deaths and national-level cases/deaths as
information
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Ficure 31. Effect of having no stay-at-home orders under a specification
with both state-level cases/deaths and national-level cases/deaths as infor-
mation
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1 Introduction

A basic epidemiological model SIRD distinguishes 4 individual states [see e.g. Vinnicky,
White (2010), Yan, Chowel (2019), Toda (2020)]. State S of susceptible comprises indi-
viduals who are healthy and not yet immunized. In state I of infected, the individuals are
infected and not yet recovered. An infected individual can either recover, i.e. move to
state R, or decease, i.e. move to state D. This causal scheme, which can be summarized

as follows:

S — 1
N D

is a chain that involves two episodes. The first episode between states S and I concerns the
propagation phase of the disease and the process of detection of infected individuals. The
second episode concerns the disease monitoring that follows a diagnosed infection. In this
paper, we are interested in the analysis of individual medical care histories. Therefore,
we divide the state of infected into states of medical care of increasing intensity, which
depend on the severity of symptoms. These additional states include Hospitalization,
Intensive Care Unit (ICU), Ventilation and Intubation.

Our analysis of COVID-19 infections in Ontario is based on daily records of 18722
individuals who were diagnosed with COVID-19 over the period of 104 days between Jan-
uary 23 and May 05, 2020 and reported in the Public Health Ontario (PHO) database of
combined records from iPHIS (integrated Public Health Information System) and CORES
(Toronto Public Health Coronavirus Rapid Entry System).

The objective of our research is to introduce a modelling approach for the analysis
of counts of patients under medical care that produces reasonably accurate results, given
the complexity of problems encountered in the data. Some of those problems are related
to the data collection method. These are, for example, the missing and misreported dates
of medical treatments, the recovery dates being unavailable, or unknown outcomes of
medical care. Other problems are related to the statistical analysis of data with right
censoring and truncation, which is amplified by the delay in data reporting of up to 10
last days of the sampling period.

The publicly available data on COVID-19 infections in Ontario are aggregated at
various levels and communicated in the PHO reports [see, e.g. PHO (2020 a), (2020
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b)], which contain the counts of confirmed, and deceased individuals by age or region
of Ontario. The Enhanced Epidemiological Summary [PHO 2020 a)] shows additional
counts of patients who are hospitalized and in the ICU. Below, we display similar series
of counts computed from our sample until May 04, after a preliminary individual data
adjustment for misreported data and outliers. Figures 1 and 2 show the cumulated and

daily counts of Diagnosed and Deceased individuals, respectively.

10000 15000
Il Il

5000
Il

T T T T T T
Jan 23 Feb 13 March 04 March 22 April 11 May 01

0
L

Figure 1: Counts of Undiagnosed, Diagnosed and Deceased

These figures can be compared with Figures 1 and 4 in PHO (2020 b, pages 3 and
6) reporting the confirmed cases of infections and deaths over a longer sampling period
ending on May 27. The patterns prior to May 05 revealed in Figures 1 and 2 above are
close to those displayed in Figures 1 and 4 of PHO (2020 b). Note that due to a reporting
lag, the last few daily counts in Figures 1 and 2 need to be considered with caution.

In Figure 2, the daily increments reveal hump-shaped patterns, which resemble the

curves of standard epidemiological SIRD models. The dates of peaks are, approximately,
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— Increments in Diagnosed
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Figure 2: Daily Counts of Diagnosed and Deceased

April 15 for the diagnosed and May 01 for the deceased patients. There is a delay of about
2 weeks between the two peaks due to the length of medical treatment for COVID-19.
There also is a seasonal (weekly) effect in reporting that creates a jagged pattern in Figure
2.

The curves of daily counts display a non-stationary behaviour with a phase of growth
followed by a decline. The aggregated data do not allow us to disentangle the possibly
multiple sources of this non-stationarity, such as the non-stationary propagation of the
epidemic with an exponential increase in the early phase, the effect of disease detection
that depends on the reliability and availability of tests, and the efficiency of treatment
for COVID-19. The latter one can improve over time due to advancement of knowledge
about the disease, or worsen due to shortages of medical staff and equipment.

Figure 3 below, which shows the daily counts of patients under medical care, can
be compared with Figure 1 (ICU, Hospitalization) in PHO (2020 a, page 3) based on a
shorter sampling period, ending on April 22 [or with Figure 2 in PHO (2020 c¢)]. We
observe that the peak of the curve depends on the sampling period. The timing of that
peak seems to be, approximately, April 1 in Figure 1, PHO (2020 a) and April 11 in Figure

3 given above. This is likely due to a kind of truncation bias. This bias is discussed later
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in Section 2.3 and adjusted for by considering the state transitions instead of “crude”

counts.

Figure 4 presents changes in daily counts displayed in Figure 3. These patterns can

be compared with Figure 3, Aguerragibiria et.al. (2020), which illustrates observations
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Fig 4. Changes in Daily Counts of Medical Care

recorded over a period ending on April 22. The difference between the patterns displayed
in the two figures seemingly confirms a misleading effect of truncation. Nevertheless,
both figures reveal daily fluctuations due to the fact that the counts of individuals under
medical care are determined by both the entry and exit effects.

Our approach to examining the individual records relies on a transition model, where
each individual is represented by a “history” variable, i.e. a sequence of states [see,
e.g. Gourieroux, Jasiak (2007), Chapter 8]. It allows us to adjust for right censoring
and attenuate the truncation bias. The state dynamics are defined through transition
matrices, which are functions of the current and past environment.

An advantage of the transition model is that it allows for including time and individual
dependent explanatory variables, such as the time already spent in the state, i.e. the
duration dependence.

The analysis of the transition model with duration dependence leads to the following
observations:

The longer an individual stays hospitalized, the lower the probability of moving to the
ICU, or of being intubated. The probabilities of recovering and of dying of COVID-19
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increase with the length of medical treatment. The probability of death seems to increase
with time spent in all types of medical care, at rates depending on the intensity of care.
The results concerning the probability to recover are affected by the lack of the date of
recovery and need to be interpreted with caution.

The paper is organized as follows. Section 2 describes the states of medical care and
illustrates the individual histories of transitions between states. The truncation problem
is discussed too. Section 3 presents the empirical data analysis and summary statistics
computed under a simplifying assumption of homogeneous Markov chain. Then, the
assumption of stationarity of the medical care process is discussed. Section 4 presents the
transition model with duration dependence, where the probabilities of transition from each
state depend on the time already spent in that state. Section 5 concludes. The summary
statistics of sojourn times in each state are given in Appendix A.1. The supplementary

figures are given in Appendix A.2.

2 The Discrete Time Transition Model

This Section introduces the states and the transitions and describes the discrete time

dynamic transition model based on the individual histories.

2.1 Individual Histories
Below, we provide a few examples of individual histories found in the PHO data set:

1. Case reported on April 17, recovered by May 05.
2. Case reported on March 29, in the ER on March 26, returned and hospitalized on April
03, in the ICU and under ventilation from April 6 until April 23, not recovered by May
05.
3. Case reported on April 16, hospitalized on April 24, not recovered until May 05.
4. Case reported on April 02, hospitalized on March 31, in the ICU April on 02, died on
April 03.
5. Case reported on April 24, not recovered.

These examples of individual histories of patients underlie our approach and suggest

the selection of states given below.
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2.2 States

The dataset allow us to distinguish 9 latent states. The states are redefined for compati-
bility with the transition model and the availability of data.
State 0. Undiagnosed: from the beginning of the sampling period until the case reported
date, or a transition date to the next state. On “the case reported date” the individual is
diagnosed as COVID-19 infected and enters a follow-up stage that includes self-isolation
and/or states of medical treatment.
State 1. D: Domiciled: from the case reported date until the medical care, death or
recovery. As the population of Ontario was supposed to self-isolate during the sampling
period, we include in state D individuals who are not currently hospitalized and not yet
recovered: see below the definition of recovered. Therefore, we have D = isolation + self-
isolation. The isolation can be prior to, or after, a medical treatment, which are denoted
by D! and D?, respectively. The records contain a limited amount of information on
individual isolation. There are very few cases of isolation reported in the dataset and
their locations are unknown.
State 2. ER: Emergency Room
State 3. H: Hospitalized due to COVID-19 (hospitalization for other reasons is disre-
garded)
State 4. ICU: Intensive Care Unit
State 5. V: Ventilation
State 6. T: Intubation

To help adjust breathing, a machine is used to move air in and out of the patient lungs.
Ventilators (also called respirators) are machines of different types, including computer-
ized microprocessor controlled machines, as well as CPAP (Continuous Positive Airway
Pressure) and non-invasive ventilators. This state of medical care is called Ventilation.
The state Intubation refers to placing a tube in the patient’s throat to help move air in and
out of the lungs while protecting the airway, which is a long term ventilator dependence
with a tracheotomy cannula.

In many cases, the time spent in Hospitalization, Intensive Care, Intubation, or under
a Ventilator overlap. Given that the states should be disjointed events, we proceed as

follows: We treat an individual as being intubated if this stage overlaps with others
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(because being intubated means that the individual is already in intensive care, under a
ventilator and breathing through a tube). Similarly, if a patient is in intensive care and on
a ventilator, we consider him/her to be using a ventilator. When a patient is in intensive
care and under hospitalization, we consider him/her as in intensive care.

This distinct states do not obey the relationship H > ICU D V D T, and the
differences between the states considered, marked with a star, and the traditional counts

given in the PHO reports are as follows:

T =T T=T*
Vi=V-T V=V T

ICU*=ICU -V — ) ICU=ICU*+V*+T*

H* = H—ICU H=H"+ICU* +V* +T*

For ease of exposition, the non-starred symbols are used, assuming the reader is aware

of the above distinction.

Accordingly, among the 18722 individuals diagnosed in our data set, 2047 individuals
went through medical care for COVID-19 during the sampling period of 104 days. The
total counts of individuals who at some point over the sampling period were in the distinct
(starred) states of medical care given above, are: 138 in ER, 1376 in H (Hospitalization),
243 in ICU, 46 in V (Ventilation) and 244 in T (Intubation).

State 7. R: Recovered.

This state is an important component of a SIRD model. However, for COVID-19,
the notion of recovery is not clearly defined and the date of recovery is unknown. The
database combines two sources mentioned earlied, which are the iPHIS and CORES that
are seemingly not reporting the recovery in the same way. In the most recent PHO
practice, the recovery date is determined conventionally as follows. According to the PHO
documents "the following cases are considered resolved” (but referred to as ”"recovered”
in the daily Ontario provincial report for the media):

-cases that are reported as "recovered” in iPHIS based on the local public health unit
assessment;

-cases that are not hospitalized and are 14 days past their symptoms onset date, or
specimen collection date;

-cases that are currently hospitalized, have a case status of ”closed” indicating that
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public health follow up is complete and are 14 days past their symptoms;

There is a lack of coherency in this definition, as several individuals reported ”recov-
ered” by the iPHIS may still have COVID-19 symptoms, and the definition depends on
the local health unit.

In our analysis, we have adopted a similar approach to setting conventionally the
date of state R. For that reason, some results concerning the time to recover have to be
considered with caution.

State 8. DE: Deceased
Individuals who are not recovered or deceased can remain in their last state on May

05, causing a right censoring problem.

2.3 Truncation

Let us now consider the state of all individuals on May 05. On that day, the dataset
reports 13218 individuals recovered and 1429 deceased. Therefore, on May 05, there are
4075 right censored histories. Among those, 4046 individuals are in state D, 1 in state ER,
22 are hospitalized and 6 are intubated. Due to the lack of a clear definition of recovery,
there are 4046 individuals in state D who have been diagnosed since less than 14 days.

Let us now discuss the right truncation of individual histories for individuals who are
under medical care on May 05. On May 05, 1043 Ontarians are hospitalized [see, Global
News May 05, 2020]. Among them 223 are in the ICU and 166 are under ventilation
(according to the PHO definition). At the same time, 3504 critical care beds are available,
including 2811 beds equipped with ventilators [see, Office of the Premier, News, April 16,
2020, 1:00 pm]. Therefore, the database suffers from a right truncation problem as very
few individuals are reported under medical care on May 05.

As individuals undergoing medical treatment for COVID-19 may even stay for 3 weeks
under medical care, the counts given in Figure 3 are reliable up to day 80 - 85 (April 11
- April 16). In particular, the decrease in counts observed in Figure 3 is misleading and
essentially due to the truncation in the data base.

In fact, the data available on May 05 show that the curves of counts need to be
projected upward to obtain correct predictions for May 05 and the following days [see,

Section 4.3]. Similar biases may also arise in the analysis of crude sojourn times in each
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state [see, e.g. Lapidus et al. (2020) for application to COVID-19 and Blanhaps et al.
(2013), Schweer, Wickelhaus (2015) for theoretical results].

2.4 Specification of transition probabilities

The transitions of interest are conditional on being diagnosed. The following conditional
state transitions are assumed to occur :
From D —- D,orD - ER,or D - Hor D— ICU,or D - V,or D — T, or D — R, or
D — DE.
From ER — D, or ER — ER, or ER — H, or ER — R, or ER — DE.
FromH — D,or H — ER,orH - H,or H - ICU,or H - V,or H - T, or H — R or
H — DE.
From ICU — D, or ICU — H, or ICU — ICU, or ICU — V or ICU — T, or ICU — R,
or ICU — DE .
FromV —-D,orV—-H,orV—=ICUororV—V,orV—T, or V— DE.
FromT - D,orT - H,orT - ICU,or T — V,orT — T,orT — R, or T — DE.
From R — R : absorbing state.
From DE — DE : absorbing state.

During a medical care episode some transitions are known to have probability 0. For

example, an individual cannot go back to state ICU after recovery, etc.

2.5 Joint Distribution of Individual Histories

The probabilistic model concerns the histories of diagnosed individuals over the set of
states given above. The individuals are indexed by i, i=1,..,n, where n is the total size
of the sample. The model is applied to the individual histories starting from a common
date ty equal to the first detection date of January 23, 2020.

As the individuals are diagnosed at different dates, we introduce the state 0 of Undi-
agnosed in order to align the individual histories on a common time scale. The histories
can be characterized either:

i) by the dates of jumps from one state to another, or equivalently by the ordered
sequence of occupied states with given sojourn times in each state (this is how the examples

of individual histories in Section 2.1 are reported),
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ii) or, by a qualitative time series with given occupied state indicators on each day.
For example, the individual history:
00011111111111111111123333334444411111111111111111111111117
represents an individual, undiagnosed for 3 days of the sampling period, isolated (state
D) for 18 days, who enters the ER and then remains in hospital for 6 days. Next, the
patient is moved to the ICU for 5 days, returns to state D and recovers.

These two representations are equivalent and their use depends on the purpose of a
study. The database relies on representation i) which takes less space, while a dynamic
model can be applied to either representation. Our estimation method is based on the
qualitative time series representation b) in order to accommodate easily the right censor-
ing.

Let us denote by {Yj;, ¢t = to,to +1,..},7 = 1,...,n the individual histories since the
common date ty3. At the beginning of the history, the individual is still undetected and
undiagnosed with Y;; = 0, by convention. After diagnosis date Sp; that depends on each
individual, Y;; is a qualitative variable with 8 possible states described above. The main

probabilistic assumption is the following:

Assumption A.1
The individual histories {So;, Yis, t > So,},i =1, ...,n are independent.

As we focus our analysis on the medical care history conditional on the diagnosis, only
the conditional distribution of {Y;,t > Sy} given Sp;, Yis,, is relevant. This conditional
distribution is characterized by a sequence of transition matrices F;, that provides the
conditional distributions of ¥; ; given Sy ;, @, where @ contains all past observations
up to and including time ¢ — 1.

Assumption A.1 allows for a variety of specifications for the sequence of transition

matrices, some of which are examined in the empirical analysis in Sections 3 and 4.
i) Homogeneous Markov Chain

Assumption A.2 a)
P, = P, independent of i and ¢, =1,....,n, t > Sy;.

This assumption can be equivalently written under representation i) in terms of dates

of jumps and states following those jumps. This representation is denoted by:
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{811, Vi = Y50 1 =0,1,..}.

The successive sojourn times are denoted by D;; = Sj+1,; — Sii, -
Then, we obtain the following result [see, e.g. Cinlar (1969), Cox (1970)]:

Proposition 1: The homogeneous Markov Chain assumption (i.e. Assumption A.2 a))
is satisfied if and only if:

i) The series of distinct successive states is Markov with transition matrix P that
contains the probabilities of each jump conditional on the previous state that is p;, =
pik/(1 = Dpjj); Vi k, j#k and pj; =0, Vj.

ii) Conditional on the series of Y/L,-,l =0,1,...., the sojourn times D,;;,l = 1,...,n are
independent, such that the distribution of D, is a geometric distribution with parameter
pjj, where j = Y/ll

Such an independence property of the sojourn times conditional on the occupied state
characterizes a renewal process, and facilitates simulations as well as the derivation of
asymptotic properties of the estimators. The homogeneous Markov chain is the bench-

mark model that can be extended in various aspects.

ii) Time Dependent Chain
Assumption A.2 b): P, = P, , independent of ¢ and dependent on ¢.

This model allows us for taking into account the calendar time effects, such as the
shortages of medical staff and hospital beds, the advances of knowledge about the disease,

or the fact that individuals get diagnosed earlier that helps them recover.

ii) Chain with Duration Dependence
Assumption A.2 ¢): P, = Pi_g, ;» where Sy, 1s the date of the most recent jump.
This transition depends on the time already spent in the current state.
Under Assumption A.2 ¢) the process maintains some properties of a renewal process,
although the sojourn time distributions are no longer geometric distributions and )N/},i,l =

1,...,n is no longer a Markov chain.

iv) Chain with Cohort Effect
Assumption A.2 d): P, = Ps,,

The transition depends essentially on the diagnosis time. If we consider a given cohort
(or generation) of individuals Py, = {i : Sy; = so} composed of individuals diagnosed on

the same date sy, we have:
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P, =P, fori e P,

Therefore, for each cohort, we have a homogeneous Markov chain, but the chain is no
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longer homogeneous if all cohorts are confounded due to some aggregation bias.

v) Further extensions

It is possible to consider more complex specifications by introducing jointly the time

dependence, duration dependence, a cohort effect and/or also the effects of individual

characteristics such as the gender, age, co-morbidity, etc.

3 Descriptive Empirical Analysis of Transitions

This section presents time independent summary statistics that can be easily computed

by averaging individual histories over time and individuals. The statistics discussed in

this section are transition frequencies and densities of sojourn times in a given state.

These statistics are interpreted under the homogeneous Markov chain assumption. The

time dependence is discussed at the end of this section.

3.1 Transition Matrix

Table 1 below presents the transition matrix P estimated from the entire sample.

Table 1. Estimated Frequency Matrix (%)

D ER H ICU \% T R DE
D ]96.04 | 0.03287 | 0.1237 | 0.02031 | 0.00481 | 0.02191 | 3.529 | 0.2271
ER | 68.25 | 27.51 3.175 0 0 0 0.5291 | 0.5291
H | 1449 | 0.01337 | 81.62 | 0.4678 | 0.08019 | 0.4143 | 0.0401 | 2.874
ICU | 9.242 0 5.0 81.21 0.303 1.591 | 0.07576 | 2.576
V | 11.48 0 1.481 1.111 82.96 0.3704 0 2.593
T | 4.813 0 0.4627 | 2.175 0.3702 88.99 | 0.09255 3.1
R 0 0 0 0 0 0 1 0
DE 0 0 0 0 0 0 0 1

The matrix can be interpreted as follows. Regardless of individual characteristics, the

probability that an individual who is currently hospitalized is admitted to the ICU is

0.46% and that he/she dies is 2.87%, regardless of how long the patient has stayed in

hospital.
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The first six lines of this transition matrix represent a “production process” of the
medical care system, with inputs of infected individuals, and outputs of recovered and
deceased individuals. Along with the information on the time spent in each state, this
can be seen as a basic tool for the budgeting of medical process, planning and scenario
analysis [see, e.g. Alvarez et al. (2020), DiDomenico et al. (2020), Aguirregabiria et al.
(2020), Atkeson (2020)].

3.2 Distributions of Sojourn Times

Let us now examine the durations of various states of medical treatment conditional on
transitioning to another state. The analysis concerns the entire sampling period of 104
days.

We provide the sample distributions of sojourn times in the six states of interest. In
order to (partly) eliminate the right censoring/truncation bias, the analysis concerns only
complete sojourn times. For example, the distribution of a sojourn time in state ICU con-
ditional on exit to state Intubation is estimated from individuals who have accomplished
that transition.

Thus, the adjustment is carried out by examining the sojourn times conditional on the
exit state. It simplifies the estimation at the expense of disregarding incomplete sojourn
times and the decreasing numbers of individuals left at the end of the sample. This last
effect is due to delays in reporting.

Figures 5-7 below show the distributions of sojourn times in states H, ICU and T,
conditional on the exit states. Additional summary statistics of these distributions (mean,
variance, quantiles) are provided in Appendix A.1. These empirical distributions are
evaluated from samples of different sizes, such as N=215 for state H of Hospitalization
before state DE of death, or N=6 for state H of hospitalization before state V of Ventilation
[see, Appendix A.1.]. In Figures 5-7, we only display the distributions evaluated from a
sufficiently large number of observations.

The histograms show decreasing patterns, except for state T of Intubation illustrated
in three panels of Figure 7. The exit state is unknown at the entry time into state T of
Intubation. However, it can be considered as a measure of severity of the disease with

an effect of the length of required Intubation. Under the assumption of perfect foresight
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Fig 5. Durations of State Hospitalization Prior to Transition
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Fig 6. Durations of State ICU Prior to Transition

of the future severity, we distinguish 3 severity levels for the intubated individuals: v; =
D,vy = ICU,v3 = DE.

These three distributions in Figure 7 feature fat right tails with 32 days of maximum
Intubation. Depending on the severity level, 25% of individuals spend more than 8.5 days
in level vy, 16.5 days in level vy and 14.5 days in level v5 [see Appendix A.1, 6]. We observe
a similar pattern in the mean duration with 6.6 days in level vy, 11.8 days in level v, and
9.1 days in level vz. The decrease of the number of days between levels v, and vs reveals

that a higher effort in medical care increases the probability of survival.
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Fig 7. Durations of State Intubation Prior to Transition

These sojourn time distributions are valid state by state and have to be used with
caution for deriving conclusions on joint transitions. It is unlikely that an individual
transitioning through states of H, ICU and T has an expected time of medical care equal
to the sum of average times in H, ICU and T. There may exist a complicated negative or
positive dependence between the sojourn times in the successive states. A patient with a
severe condition may stay for a short time in ICU and a long time in T. Such complicated
dependencies are better captured by means of a duration dependent transitions model [see,
Section 4], than by an analysis of the joint distribution of sojourn times. Nevertheless,
the correlation between the duration in H before exit to ICU and the duration in ICU
before exit to Intubation is -0.128, the correlation between duration in ICU before exit to
Intubation and duration in Intubation before Death is -0.233. These negative correlations

support the above discussion.

3.3 Homogeneous Markov Chain Model

The summary statistics given in Sections 3.1 and 3.2 can be interpreted as evidence

in favour or against the homogeneous Markov chain assumption A.2 a). In particular,
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the empirical transition matrix given in Table 1 is the maximum likelihood estimator
of matrix P in a homogeneous Markov Chain. Under A.2 a), the medical care process
remains stationary and all non-stationarities in the counts of deceased and recovered are
induced by the non-stationarity in the counts of diagnosed and their increase during the
early phase of the epidemic. This implies that the medical staff does not change their
practices regarding the patient’s treatment during the epidemic.

There is evidence in support of the homogeneous Markov chain assumption, such as
the decreasing patterns of some duration densities, which resemble geometric densities
and the fact that some of the densities do not depend on the state of exit. As well, the
mean sojourn time computed directly from the duration data is often close to the mean
sojourn time computed from the elements of the transition matrix in Table 1.

Let us, for example, consider the state T of Intubation with p;; =0.89 (see, Table
1). Under Assumption A.2 a), the sojourn time follows a geometric distribution with
mean 1/(1-p11) = 9.0 days, which can be compared with the expected values reported in
Appendix A.1, 6.

On the contrary, the homogeneous Markov chain assumption seems inadequate for
some other states. Moreover, the sojourn times of the same individual in various states
may be correlated, as mentioned above. Therefore, the homogeneous Markov Chain
assumption does not seem to hold, although it conveniently provides a simple framework
for computing summary statistics that can serve as benchmarks for comparison [see,
Section 4.3.1]. The alternative assumptions to replace A.2 a) are those of time dependence
and duration dependence, for example.

Let us first examine if the medical care process is non-stationary. This can be done
graphically by comparing the daily estimated transition matrices B, By definition, the

estimated transition probabilities ij in Table 1 are weighted averages:

T—1
Py, = Z Wt Pjk 1,
t=tp
with weights that depend on the conditioning state and are proportional to he number of
individuals in that state on day t¢.

Figure 8 shows the trajectories of daily transition probabilities IADj,k,t for selected states

over the sampling period. The series have to be considered with caution as the number
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Figure 8 Transitions from States over 104 days

of individuals in a given state at a given date can be small. Therefore, we focus on
the transitions from H and T to D (black lines), and from H and T to DE (pink and
blue lines, respectively) computed from larger sub-samples. These series display upward
trends, while the transitions from H to H and T to T (not reported) have downward trends
by the unit mass restriction. Thus, the time spent in these states seems to decline. That
can be due to a change in the treatment process, or to a left censoring effect. Indeed, the
time of the diagnosis is not equal to the time of infection. If more tests were performed
over time, infectious individuals could be detected earlier and then it would be easier to
cure them of COVID-19. The distinction between these alternative explanations is out of
the scope of this paper.

Another remark concerns the evolution of the number of deaths. It is increasing

smoothly from state H, which suggests it is being controlled. On the contrary, the evolu-
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tion of deaths from state T is more erratic, which suggests there might be a pressure on

the number of beds available for intubation.

4 Model with Duration Dependence

This section extends the benchmark model by introducing duration dependence. First, we
describe the specification of the transition matrix. Next, we provide the estimation results.
These results are used for adjusting the count summary statistics for right truncation bias

and for prediction making.

4.1 The Model

The (8 x 8) transition probability matrix P, has components p; ;¢ The rows sum up
to 1. Each row represents the probabilities of exit from a state j to another state k .
The transition probabilities are specified as (conditional) multinomial logit models [see,
McFadden (1984)]. The transition probabilities can depend on the time already spent in
a state, denoted by Dur;(D) for state D. They depend on the state and vary with both

individuals and time.

For example, let us illustrate the transitions p;,; from state 7 = 1 of D for individual ¢
at time ¢:

pic=(D—=D)x1

P12 = (D = ER) o< exp(Bi1 + PraDury(D))

P3¢ = (D = H) o< exp(Bis + fraDury(D))

Prait = (D = ICU) x exp(fi 5 + 16 Duri(D))

Pisit = (D = V) ocexp(Bir + BigDury(D))

Preie = (D = T) oc exp(Bio + BrioDury(D))

pr7ic = (D = R) o exp(Bi11 + Bri2Duri(D))

P18t =(D — DE) oc exp(fi13)
where Dur; (D) denotes the duration (time) already spent in the current state D and the
symbol « denotes “proportional to”, with the proportionality coefficient such that the
above transition probabilities sum up to 1.

We mentioned earlier that state D comprises individuals of two types: D' prior to a
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potential medical care and D? returned from medical care. Therefore the transition to a

medical care concerns individuals in D' and depends on time spent in state D = D!,

4.2 Estimation

The model is estimated by the Maximum Likelihood. The results of the estimation of the
model are presented in Table 2, which contains the estimated coefficients for each row of
the transition matrix. In each panel, the first coefficient is the intercept and the second
one is the duration sensitivity.

The state “R” of Recovery is only observed at the end of the sample, and many
individuals remain reported in state D in the dataset while they could have recovered.
Therefore the transition from state “D” to state “R” of Recovery, computed from the
estimated parameters is necessarily underestimated. Nevertheless, the dataset includes
reliable information on the transition to/from the medical states and the state “Death”.
Thus, the estimates can be used to estimate accurately the dynamic of the probabilities

and counts in these states.

Table 2: Estimated Coefficients

TRANSITION FROM D

States ER H ICU v T R DE
Parameters Bia ‘ Biz2 Bis ‘ Bia Bis Bis Bir ‘ Big B ‘ B0 Bin ‘ Biae Bras
Estimates | -8.0924 | 0.0040 | -5.0664 | -0.0665 | -6.9397 | -0.0635 | -9.1849 | -0.0262 | -6.4233 | -0.0861 | -2.7289 [ -0.0217 | -6.0468
TRANSITION FROM ER

States D H R DE
Parameters B2, Baa Bas Bau ‘ ‘ ‘ ‘ ‘ ‘ ‘ ‘
Estimates | 0.9086 | -2.1595 | -3.9512 | -3.9512 | | | | | | | |
TRANSITION FROM H
States D ER ICU v T

’ \
\

Parameters | 31 | faa2 Baz | Baa Bss | Dss | Bss Bso
Estimates | 0.2103 | -0.2535 | -1.6251 | -3.7254 | -3.3540 | -0.2278 | -3.4636 | -0.7252 [ -3.0971
TRANSITION FROM ICU
H v T
|
\

Bsa2 B33
0.0299 | -3.3466

Ba10 Bs1n
-0.3065 | -8.1585

R DE
[
\

DE
B0 Bi ‘
0.0593 | -3.4509 \

Parameters B
Estimates | -0.2942

Ba2 Bas
-0.2116 | -0.7782

B4 Bas ‘ Bas Baz ‘ Bas Bao
-0.2372 | -4.2901 ‘ -0.1215 | -1.6329 ‘ -0.3035 | -7.9989
TRANSITION FROM V
H ICU T
\

‘ X

States D
\
\

=

DE
Bs,10 Bs,11 [
-66.3286 | -3.4657 |

Parameters B
Estimates | 0.7679

Bs,2 Bs3
-0.2843 | -2.2051

"35.-1 "35.5 ‘ "35.0 '35,7 ‘ "35.5 "35.9
0.1448 [ -1.8467 | -0.2322 | 7.5903 | -9.7537 | -53.9343
TRANSITION FROM T
H ICU v R DE
\ \

[- \

States D
\
\

=

Parameters | g,
Estimates | -0.3381

Be.10 Boan ‘
0.0351 | -3.3569 |

B4 Bes | Bos Bsx | PBos B0
0.1377 [ -2.1517 | -0.1031 | -3.8112 | -0.1127 | -7.5641

B6.2 Be.3
-0.2170 | -3.3238

States D
\
\

The duration dependence is introduced for each state except the state of Emergency Room

ER. Indeed, a majority of individuals stay in ER for one day only. Table 2 does not report
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the results concerning probabilities of remaining in a given state, which are assumed to
be proportional to 1, for identification. The values of parameters of a multinomial model
do not have a direct interpretation. Instead the ratios of transition probabilities are
interpretable (in the 2-state case, the odd-ratios are interpretable).

Let us consider the state of intubation T. After one day spent in this state, the ratio

of the transition to D (i.e. the way to recovery) and the transition to death DE are:

exp(Bs,1 + Po2 — Be,11)-

After 10 days, this ratio is:

exp(Be1 + 10862 — Bo1)-

Therefore, the ratio of these two ratios 10 days/1 day is:

exp(956,2) = exp(—0.22 x 9) < 1.

Thus, when the time spent in Intubation T increases, the chance to exit on the way
to recovery diminishes, as compared to the earlier days.

We illustrate these effects conditional on the state sojourn time (duration), which we
set to vary from 1 to 15 days in Figures 15-19 in Appendix A.2.

Figure 15 depicts the dynamics of the transition probabilities from state “D” in terms
of its duration. This figure contains eight panels. Each panel shows the probability of
transition to states: D, ER, H, ICU, V, T, R, and DE. The probability that someone
in state D stays in state D remains above 0.93 and increases with the duration of state
D. Indeed, isolated individuals mostly have mild symptoms and are more likely to stay
isolated until their recovery. The probability of recovering varies between 0.060 after 1
day and 0.045 after 15 days. However, we expect this probability to be higher due to
the lack of observability of the date of recovery. The transition probabilities to the other
states are negligible.

Figure 16 displays the transitions from Hospitalization. Individuals after one day
of Hospitalization likely have mild symptoms and have a probability 0.46 of moving to

state D and becoming isolated. This probability decreases as the duration increases while
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the risk of remaining hospitalized increases. Similarly, Figures 17-19 show the transition
probability from the states “ICU”, V of “Ventilation” and T of “Intubation”.

The probability of remaining in these states increases quickly with time spent in each
state. The probability of death seems to increase with time spent in all types of medical
care, at rates depending on the intensity of care. The rate of increase is the highest for
V, followed by that for ICU, which itself is followed by a slightly lower rate for T.

In general, the probabilities of transition to death after long durations are close to
the transition probabilities in Table 1, computed under the homogeneous Markov chain
assumption.

The results concerning the probability to recover are affected by the lack of the date

of recovery and need to be interpreted with caution.

4.3 Fitted Values and Predictions

Let us now explain how the estimated transition model can be used to compute the fitted
values of counts over the observation period and the forecasts. First, we consider the
computation under the homogeneous Markov chain assumption, and next under the as-
sumption of duration dependence. We focus on the counts of patients who are hospitalized
(state H), in the ICU and state T of Intubation.
4.3.1 Homogeneous Markov Chain

Recall that state D includes two types of histories: D! are individuals who are isolated
at the detection date and D? are individuals who are on their way to recovery after a
transition through H, ICU, V and T. For subsequent computation, we need to separate
these two types of observations and focus on D!. The first row of the transition matrix
in Table 1 is replaced by:

Table 3. Modified Row 1 of Frequency Matrix (%)

D'|ER|H|ICU|V| T | R |DE
DUl 93[o0[1]02]1]02[36] 1

The modified transition matrix is denoted by P. After being diagnosed, an individual
is assigned to a state. The time-independent (constant) probabilities of assignments

estimated from the entire sample are:
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Table 4. Probabilities of Assigment (%)
D|ER| H |ICU|V |T|R|DE
v|93110 50| 1.0 [0]|0]|O0 0

We have a causal scheme with 3 episodes:

1. the detection episode that ends at the case reported date.

2. the assignment episode, with the selection based on v given in Table 4,

3. the medical care process summarized by matrix P.
At time T=May 05, we observe for each individual either a recovery, or a death or a
censored duration in the last state, such as one of the medical care states.

The fitted values, i.e. the expected counts, are computed from the sequence of inputs
X;, which are the counts of new diagnosed on day ¢ (see Figure 2). Let N, denote the row
vector of length 8, with elements equal to the counts of individuals in each state on day

t. The fitted counts are given by:

t
EN, =Y (X,0'P'™7), t=1,..,104. (4.1)
=1
Thus, we evaluate the future expected counts for each cohort (generation) 7 and
sum over the past cohorts. Figure 9 below provides the fitted counts of H, ICU and
T. They are close to the patterns shown in Figure 3 up to day 80 (April 11), and are
significantly different afterwards. Indeed, the fitted values provide an adjustment for the
right truncation bias revealed in Figure 3. It is therefore important to use the model-
based figures instead of data-based figures in the presence of truncation and reporting lag
problems, to avoid misleading conclusions, especially concerning the peak of the epidemic.
Figure 9 shows the peak of state H of Hospitalization that seems about to appear at the
beginning of May for state H (from recent data, we know that there was a peak in the
first wave, followed by a peak in the second wave). The peak in state T of Intubation is
not visible from the fitted counts due to long sojourn times of state T.
4.3.2 Model with Duration Dependence
A similar analysis can be performed by using the model with duration dependence

discussed in Sections 4.1-4.2. Then, equation (4.1) becomes:

t
ENy =Y (X' E[Priy, Pran -+ B)]), t=1,...,104. (4.2)

T=1
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Figure 9. Fitted Counts of Medical Care over 104 days

It accounts for the fact that the matrices depend on time through the durations spent

in each state. As the individual durations Dur; are random, the product of matrices has

to be integrated out, which can be easily done by simulations.

Figures 10 and 11 show the estimated and observed counts of patients under medical

care and the cumulative counts of deaths, respectively. Figure 10 illustrates

the good fit

of the transition model to the data and the satisfactory predictive power of the model.
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Figure 10: Estimated and Observed Counts of Medical Care

The model predicts, as expected from Figure 3, higher than recorded medical state counts
over the last part of the sampling period until May 05. Figure 11 plots the estimated
and the observed number of cumulative deaths. The figure shows that the total death
is accurately predicted. The figures confirm that the model provides an adjustment for
right truncation and reporting lag. As mentioned earlier the data suffer from a truncation
bias and a lag in reporting that start around day 80 (April 11) of the observational period
and generate decreasing patterns of daily counts, found ex-post incompatible with the
publicly available counts provided later by the PHO. The model is shown to “adjust” for
these biases.

4.3.1 Predictions

A similar approach can be applied to predict the future counts and the numbers of
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Figure 11: Estimated and Observed Counts of Deaths

beds required for the different types of medical care [see Grasselli et al. (2020), Murray
(2020), for predictions of beds in Italy and the US, respectively].

Due to the time of medical treatment, we recommend predicting a term structure of
counts, up to say 20 days rather than computing one day ahead forecasts only. This
long-run prediction requires additional forecasting of future inputs X7 1, X741, ..., X7om.
This is only possible if the model is completed by a dynamic model for the X;’s, from
a SI component of the SIRD-type of model, obtained by logit adjustments for the series
of cumulated counts of diagnosed individuals [Berkson (1944)]. This is clearly out of the

scope of the present paper.
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5 Concluding Remarks

This paper examined the process of medical treatment during the early phase of COVID-
19 epidemic in Ontario. We investigated the medical care dynamics and its adjustment
over time. We considered a benchmark transition model based on the homogeneous
Markov chain assumption and studied its extension that accounts for time dependence
and duration dependence. The duration dependence revealed in some of the transitions
points out to an important limitation of standard SIR models. The advantage of the
transition model is the adjustment for truncation that helps eliminate misleading results
based on a naive interpretation of the series of aggregate counts.

We have disregarded the effect of the detection process of infected individuals. Indeed,
the detection process may induce both left truncation and left censoring. The analysis of
left truncation in the case of COVID-19, is complicated further by the large number of
asymptomatic individuals who are difficult to detect [see e.g. Gourieroux, Jasiak (2020)
for an approach to recovering the unobserved counts of undetected infectious individuals].
The left censoring arises, as the detection date does not coincide with the infection date,
and the difference between these dates may depend on the detection efforts and the
numbers of tests performed.

The transition model-based analysis could be further extended to accommodate the

individual characteristics and spatial dependence between the infections in Ontario.
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Appendix A.1

Sojourn Times - Descriptive Statistics

1. State D
Duration in D before ER.
There are N =123 patients with only 2 durations over the first 30 days.

N | min | 25% | median | 75% | max | mean | var
total | 123 1 2 3 8 40 | 5.813 | 37.940

Duration in D before Hospitalized

N | min | 25% | median | 75% | max | mean | var
total | 463 1 2 4 8 36 | 5.460 | 20.309

Duration in D before ICU
There are only 5 cases over the first 30 days. One individual spends one day to ICU

and returns to state D.

N | min | 25% | median | 75% | max | mean | var
total | 77 1 2 3.5 6 32 4.644 | 19.432

Duration in D before Ventilation
There are 18 individuals who move from D to Ventilation. These transitions took

place after April 02.

N | min | 25% | median | 75% | max | mean | var
total | 18 | 1.0 | 2.0 4.0 6.5 | 26.0 | 5.611 | 40.722

Duration in D before Intubation

N | min | 25% | median | 75% | max | mean | var
total | 82 1 2 4 6 14 | 4.365 | 8.185

Duration in D before Recovered.
These individuals may have undergone medical treatments, returned to D and were

reported as Recovered.
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N min | 25% | median | 75% | max | mean var
total | 13207 1 17 24 33 103 | 25.147 | 109.524

Duration in D before Deceased

There are no transitions from D to Deceased over the first 62 days. One individual

dies after 49 days in isolation without any medical treatment.

N

min

25%

median

75%

max

mean

var

total

851

1

4

7

11

49

7.994

35.323

The durations prior to transitions from state 3 of De are given in Figure 5.

2. State ER

Duration in ER before return to D

N | min | 25% | median | 75% | max | mean | var
total | 137 | 1 1 1 1 25 | 1.781 | 12.157
Duration in ER before Hospitalization
The results are based on N=6 patients.
N | min | 25% | median | 75% | max | mean | var
total | 6 | 1 1 3 5 7 | 3.333 | 7.066

One individual has recovered on the last day of sampling period on day 104 after
staying in ER. Another individual died after 2 days in ER.

3. State Hospitalization

Duration in Hospitalization before return to D

N | min | 25% | median | 75% | max | mean | var
total | 1084 | 1 1 3 7 34 | 4.959 | 27.008
Duration in Hospitalization before ER
One individual made that transition after 1 day in hospital.
Duration in Hospitalization before ICU
These durations are recorded after March 20.
N | min | 25% | median | 75% | max | mean | var
total | 35| 1.0 | 1.0 2.0 3.5 | 15.0 | 3.085 | 10.668
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Duration in Hospitalization before Ventilation.

These transitions start on day 59 of the sampling period, about March 22.

N | min | 25% | median | 75% | max | mean | var
total | 6 | 1.00 | 1.25 2.50 3.00 | 3.00 | 2.166 | 0.966

Duration in Hospitalization before Intubation

These transitions start on day 53 , i.e. about March 16

N | min | 25% | median | 75% | max | mean | var
total | 31 1 1 2 3 12 | 2.774 | 6.780

Duration in Hospitalization before Recovered

There are only 3 transitions after hospitalization of 28, 9 and 39 days.

Durations of Hospitalization before Death

The are no transitions to state 9 from Hospital over the first 30 days.

N | min | 25% | median | 75% | max | mean var

total | 215 | 1 3 ) 10 92 | 7.525 | 71.568

4. State ICU
Duration in ICU before D
There are only 2 transitions before day 60 of March 23.

N | min | 25% | median | 75% | max | mean var

total | 122 | 1.00 | 1.00 | 1.00 | 6.75 | 33.00 | 5.327 | 47.627

Duration in ICU before Hospitalization

There is only one transition before day 60.

N | min | 25% | median | 75% | max | mean | var
total | 66 1 2 3 6 19 | 4.863 | 18.673

Duration in ICU before Ventilation
There are only 4 durations between days 71 (April 3) and 99 (April 30) of 1,3 ,6 and
7 days.

Duration in ICU before Intubation
There are no transitions before March 23 and only 4 durations between April 22 and

the end of sample
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N | min | 25% | median | 75% | max | mean | var
total | 21 1 1 1 2 9 2.285 | 4.914

Duration in ICU before Recovered
One individual makes a transition into R on day 104 (May 04) after 20 days in the
ICU.

Duration in ICU before Death
There are no transitions before day 60 (March 23).

N | min | 25% | median | 75% | max | mean | var
total | 34 1 2 5 14 35 | 4.863 | 18.673

5. State Ventilation
Duration in Ventilation before return to D

There are no durations before day March 23 (day 60).

N | min | 25% | median | 75% | max | mean | var
total | 31 1 1 1 2 26 | 4.774 | 57.580

Duration in Ventilation before return to Hospitalized
There are only 4 durations between days 76 and 84 of length 2,8,1, and 25 days,

respectively.

Duration in Ventilation before return to ICU

There are 3 durations between days 76 and 88 of length 1, 8 and 9.

Duration in Ventilation before Intubation

There is only one 1-day duration on day 61 (March 24).

Duration in Ventilation before Death

N | min | 25% | median | 75% | max | mean | var
total | 7| 5.0 | 7.5 9.0 11.0 | 16.0 | 9.571 | 12.952

6. State Intubation
Duration in Intubation before return to D

There is only one transition before day 60 (March 23).
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N | min | 25% | median | 75% | max | mean | var
total | 104 | 1.0 | 1.0 1.0 8.5 | 32.0 | 6.586 | 96.380

Duration in Intubation before return to Hospitalized

There are no transitions before day 60 (March 23).

N | min | 25% | median | 75% | max | mean | var
total | 10 | 1.00 | 7.50 | 10.50 | 11.75 | 17.00 | 9.9 22.988

Duration in Intubation before return to ICU

There are no transitions before day 60 (March 23).

N | min | 25% | median | 75% | max | mean var
total | 47| 1.0 | 5.5 12.0 16.5 | 29.0 | 11.80851 | 59.679

Duration in Intubation before Ventilation

All durations occurred between days 67 and 83.

N | min | 25% | median | 75% | max | mean | var
total | 8 | 1.0 | 1.0 10.0 18.5 [ 29.0 | 11.25

Duration in Intubation before Recovered

There are 2 durations with transition on day 104 of 35 and 7 days.

Duration in Intubation before Death

N | min | 25% | median | 75% | max | mean var
total | 67 | 1.0 | 3.0 7.0 14.5 | 30.0 | 9.149 | 53.886
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Figure 15: Transition Probabilities from “D” as Functions of Duration
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Figure 16: Transition Probabilities from “Hospitalized” as Functions of Duration
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Figure 18: Transition Probabilities from “Ventilation” as Functions of Duration
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Figure 19: Transition Probabilities from “Intubation” as Functions of Duration
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I examine the short-term labor market effects of the Great Lockdown in
the United States. I analyze job losses by task content (Acemoglu & Autor
2011), and show that they follow underlying trends; jobs with a high
non-routine content are especially well-protected, even if they are not
teleworkable. The importance of the task content, particularly for non-
routine cognitive analytical tasks, is strong even after controlling for age,
gender, race, education, sector and location (and hence for differential
demand shocks). Jobs subject to higher structural turnover rates are
much more likely to be terminated, suggesting that easier-to-replace
employees were at a particular disadvantage, even within sectors; at the
same time, there is evidence of labor hoarding for more valuable matches.
Individuals in low-skilled jobs fared comparatively better in industries
with a high share of high-skilled workers.
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1 Introduction

The COVID-19 pandemic and the associated non-pharmaceutical interventions (NPIs)
to contain it have rendered a massive shock on the global economy. In the United
States, an unprecedented 22 million people applied for unemployment benefits over
the space of 4 weeks, an almost 30-fold increase over the previous 4-week period.

Substantial policy measures have been enacted in virtually all advanced economies,
and the United States presents an interesting case, in that policy measures were de-
signed to support workers, through a large expansion of unemployment benefits,
rather than jobs, which was the case in a number of countries in Europe which imple-
mented employment support measures, such as wage subsidies. At this early stage,
employment losses at the level of the United States have not been reported elsewhere.

At first glance, the reaction may appear excessive to what is likely to be a temporary
shock. On the one hand, firms may fire workers to reduce costs in the face of dwin-
dling revenue, particularly if they have other liabilities close to maturity, or because
the uncertainty has increased their risk aversion. On the other hand, search costs for
good job-worker matches are high, and labor shedding is inefficient; one would then
expect that firms shed their hardest-to-replace workers last.

In this paper, I investigate the drivers of short-term job losses in the United States as a
result of COVID-19 and the “Great Lockdown” recession. I focus on the United States
both because it represents the more extreme case of labor market shock, partially be-
cause it is well-known to represent the most dynamic labor market in the world (Elsby
et al. 2013), but also because it provides high-frequency public use micro-data.

I use CPS micro-data, and consider all exits from employment; that is, I consider
individuals who were employed in February or March 2020, and look at monthly
transitions (and hence only use the continuing sample of the CPS). I group together
all transitions out of employment, including out of the labor force, as it is likely that
a number of exits from employment are erroneously recorded as exits from the labor
force precisely because of the force from the shock.!

!The standard definition of unemployment as individuals not working but looking for work is mis-
leading in a context where individuals are forced to stay at home. Overall, the number of individuals
outside the labor force rose by 8.7 million in April relative to February.
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I focus on the role of structural drivers of employment losses, and in particular the
task characteristics of jobs, using the task content framework of Acemoglu & Autor
(2011). While other papers (e.g. Cajner et al. 2020, Chetty et al. 2020, Cowan 2020)
have also studied worker transitions in response to the COVID-19 shock, the task
framework is useful in examining whether and why certain workers were more af-
fected than others. The task framework looks at jobs as a collection of tasks, which
require certain skills to be completed, hence breaking down the skill content of each
job. It can provide a comprehensive framework for analyzing employment losses,
by considering job characteristics, and shed light on the types of jobs that were most
affected, going beyond demographics, education or sectoral effects. The task frame-
work is particularly suited to studying the pandemic shock, due to the pronounced
differences it is expected to have had on workers depending on the relationship of the
tasks they perform to technology, location, and other actors. For instance, the most
salient effect of COVID-19 on the labor markets is the rise of teleworkability, as indi-
viduals switch to working from home.?> While we expect individuals in teleworkable
occupations to be less affected, other issues may matter, such as the relative supply of

particular skills. The task framework can help in analyzing these issues.

I further examine whether firms were less likely to layoff hard-to-replace employees.
Labor hoarding (Guerrieri et al. 2020) may be optimal if the shock is expected to be
temporary and labor search is subject to high costs. Put another way, firms may be less
likely to destroy high-value matches if they can afford to keep them until the recovery,
even at a short-term cost. By contrast, the uncertainty and possible credit tightening
caused by the shock may lead employers to layoff easy-to-replace employees (or sever
low quality-matches in general) in order to reduce costs. I use a simple measure based
on average monthly frequency of turnover, which has the advantage of being easily
and transparently estimated with a large sample, for both sectors and occupations.

I find strong evidence that job loss patterns resemble underlying trends. Task content
is of central importance; in particular, individuals in jobs with a high non-routine cog-
nitive analytical (NRCA) and personal (NRCP) content are especially well-protected,
even if their jobs are not teleworkable. The importance of the task content, particu-

larly for non-routine cognitive analytical tasks, is strong even after controlling for age,

ZBrynjolfsson et al. (2020) report that half of previously employed workers work from home, 70%
of which used to commute.
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gender, race, education, sector and location. Results are robust to controlling for the
extent of local lockdowns (at the CBSA level) using high-frequency data on people
movements and credit card payments. These results are consistent with the findings
of Cajner et al. (2020), who use administrative payroll data to find much larger em-
ployment declines for lower paid workers. Furthermore, I find patterns consistent
with labor hoarding for workers in NRC-intensive jobs; controlling for the average
turnover rate at the sector or occupation level wipes out any role for task content for
all job types, except for those intensive in non-routine cognitive tasks. This also possi-
bly implies a role for preemptive layoff for easy-to-replace workers. I also find an im-
portant role for complementarities for NRCA-intensive jobs; in industries with a large
concentration of such jobs, lower skilled workers are less likely to lose employment
than individuals in similar occupations in other industries, even after controlling for

sectoral characteristics.

The results are consistent with the work of Jaimovich & Siu (2020) and Hershbein &
Kahn (2018), who show that job polarization, the switch away from routine jobs to-
wards non routine cognitive and manual jobs that has characterized labor markets
in advanced economies for the past three decades (Autor 2015), occurs largely in re-
cessions, when routine jobs are disproportionately destroyed; Jaimovich & Siu (2020)
also show that polarization implies jobless recoveries, as routine jobs are permanently
lower. Foote & Ryan (2015) further show that middle-skill workers are predominantly
employed in volatile sectors.> While it is too early to tell what the implications of
COVID-19 are, let alone whether the short-term effects of the shock will be persistent,
a corollary of that research could be that structural changes in employment also take
place primarily in recessions (Burger & Schwartz 2018). For instance, it is less costly
(in the sense of foregone sales) to implement organizational changes in downturns

and new firms are likely to operate with newer technology vintages than older firms.*

5t should be noted that structural change, in particular polarization, has not been found to be
associated with jobless recoveries in advanced economies outside the United States (Graetz & Michaels
2017). For the Great Recession, in particular, a number of commentators (e.g. Rothstein 2017) have
argued for a protracted weak demand explanation for the slow recovery.

“There are already news reports of sharp organizational changes brought forward as a result of the
crisis. Carphone Warehouse, a large UK phone retailer announced that it would cut 2900 jobs and close
all 531 standalone stores, citing changes to the industry unrelated to COVID-19 (Warrington 2020). At
the same time, other organizations have halted large reorganizations, which could have a smoothing
effect on the shock. HSBC announced postponement of a massive global overhaul in order to be able
to function smoothly during the crisis (Crow 2020).
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I finally briefly consider whether a major reallocation shock is under way. Indeed,
certain sectors, related to home consumption and leisure, are booming. Barrero et al.
(2020) provide anecdotal evidence of substantial hiring sprees in booming sectors, and
even exchanges by firms in affected sectors to reallocate workers to booming firms.
They then provide direct evidence of an important reallocation effect of the shock;
using high frequency firm-survey data, they report three jobs created for every ten
destroyed, a large number given the unprecedented overall contraction. They also
construct a forward-looking reallocation measure, using firm employment expecta-
tions, and document a sharp rise in expected reallocation. I examine whether such a
phenomenon can already be detected by publicly available data. There is no mean-
ingful change in the share of workers switching occupations or industries within the
month, suggesting that any major reallocation would be taking place within occupa-
tions or industries. Furthermore, while I confirm the relative creation and destruction
magnitudes in aggregate data, by comparing the hire and separation rates in the Job
Openings and Labor Turnover Survey (JOLTS), I note that the hire rate is similar to
historical averages, suggesting that evidence of a major reallocation shock may be
premature until new data is released.

2 Data

The primary data source is the Basic Monthly Sample (BMS) from the Current Popu-
lation Survey (CPS), the primary source of information for the US labor market. I use
primarily the 2012-2020 sample, to focus on recent trends. I also rely on data going
back to 2005 for some exercises.

I base my analysis of task content on the job skills measures created by Acemoglu &
Autor (2011). They use data from the O*NET (Occupational Information Network)
study, which provides survey-based measures of work abilities (e.g. manual dexter-
ity), activities (e.g. thinking creatively), work context (e.g. face-to-face discussion)
and skills (e.g. social perceptiveness) for each occupation. They classify each occupa-
tion according to six tasks, collected in three broad groupings: non-routine cognitive
(NRC), routine (R), and non-routine manual (RM), approximating the top, middle and

lower ends of the skills distribution (conventionally defined by a one-on-one mapping
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of wages to skills). Each of these is further broken down into two subgroups: non-
routine cognitive analytical (NRCA) and personal (NRCP), routine cognitive (RC) and
manual (RM), and non-routine manual physical (NRMPH) and personal (NRMPE).
It has been long recognized that a simple high-, middle-, and low-skill categorization
may be insufficient to capture the intricacies of the labor market. Figure Al in the
appendix shows a mapping between skills, tasks and occupations.®

The proxy for teleworkability is the index created by Dingel & Neiman (2020), at the
occupation level. They also use responses to the O*NET survey, and based on ques-
tions relating to work context and activities of an occupation, such as working out-
doors or handling objects or machinery, they classify the feasibility of working from
home, for each occupation, creating a binary indicator equal to 1 for teleworkable
occupations. Teleworkable jobs include all or most jobs in computer and mathemati-
cal, education, legal, business and management occupations, and opposite for build-
ing, food preparation, construction and production occupations. The mapping from
O*NET to CPS is not one-to-one, so for a few CPS code with multiple values I take
the average (across 4-digit codes) and recode the indicator to 1 if the average value is
above 0.5, and 0 otherwise.

To measure occupation- and sector-specific match quality, I take the CPS basic monthly
micro-data files from 2005-2015 and calculate, for each occupation and industry, the
share of workers that is laid-off every month. I take the median monthly value for
each year to account for seasonality and then average them over the entire 15-year
period in order to sweep away cyclical forces.” This measure, which does not in-
clude job-to-job transitions, is a proxy for the ease with which firms can replace their
employees, and hence for the average job-specific match quality (for each sector and
occupation). The downside of this measure is that it may be higher for declining in-
dustries. As an auxiliary indicator, I also use the gross worker flow rate, given by the

5Measures for each task are standardized, then summed and the sum is standardized again.

6Acemoglu & Autor (2011) do not explicitly use the NRMPE category in their paper, only define
it in their code. I further use the refinement of Dias da Silva et al. (2019), who exclude management
and professional occupations (Census codes 10 to 3599), as medical professions were ranked highly in
NRMPE, as well as NRCP, making distinction between the two groups difficult. The NRMPE category
is designed to capture in-person services, which are thought to be a growing part of the new economy.

"Median estimates are preferable to seasonally adjusted estimates because seasonal industries will
have a higher turnover on an annual basis. I also compute instead seasonally adjusted estimates and
the results are qualitatively similar.
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sum of transitions out of employment, transitions into employment, and job-to-job
transitions, as a share of total employment, for the industry or occupation. Job-to-job
transitions are calculated as the share of workers who remain employed in consecu-
tive months but report that they are not working for the same employer, following
Fallick & Fleischman (2004). 8

The sample is composed of individuals aged 15 or over. As the interest of this paper is
on employment losses, I focus on transitions from employment to non-employment,
and hence use the panelized version of CPS, using the approach of Nekarda (2009).°
The main dependent variable (ENE) is equal to zero for individuals who work at time
t-1 and remain employed at time ¢, and 1 for those who work at ¢-1 but do not at ¢.
This implies that people who drop out of the labor force are also included, to get a
more complete measure of transitions outside of employment. I only exclude indi-
viduals who voluntarily leave their jobs.!’ Focusing on those formally unemployed
(individuals without work but seeking to work) may be substantially misleading in
this case. Indeed, employment in April 2020 fell by 24.7 million relative to February
(in seasonally unadjusted terms), but unemployment rose by 16.3 million, meaning
that roughly a third of job losers exited the labor force.!! Invariably, this choice comes
with some issues, seasonality being a clear one, as workers in seasonal industries may
drop out from the labor force in the low seasons; however, this should be controlled

for using industry dummies and month dummies.

I work with two-level NAICS sectors, and group some similar sectors together, as
some have too few observations in each month to record transitions out of employ-
ment. I end up with 35 different sectors (down from 51 used in the detailed group two-
digit classification in CPS). I cluster standard errors at the occupation level, though
results change little if I cluster at the sector-level instead.

8There is a large number of respondents who are employed in consecutive months yet as reported
as "not in universe” for this question, but it is impossible to know why.

°I panelize using the code of Kevin Rinz, available at kevinrinz.github.io/data.html.

OIndividuals who were let go and found a new job are not considered as having transitioned. This is
related to the well-known time aggregation bias in CPS data (Shimer 2012), but is not a concern in this
case, as I am interested in how the shock affected transitions out of employment. If individuals man-
age to find another job within the month, this would imply that the industry/occupation where this
worker is employed is resilient enough to the shock. Exceptions are cases where individuals change
occupations/industry, or individuals transitioning voluntarily to other jobs.

The BLS noted that correcting for the excess transitions out of the labor force would increase the
unemployment rate in April by almost 5 percentage points. See here.
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CPS is a rotating panel, where households are recorded for four consecutive months,

and where leakages from one month to other are around 6%; as such, while for two

adjacent months the matching is around 70%, it is less than 50% for non-consecutive

months (Rivera Drew & Warren 2014). As such, I prefer to study transitions from

February to March and March to April. With such a large increase in unemployment,

I expect effects in April to be mostly cumulative, justifying this approach.

Figure 1: Evolution of task content of the average worker
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Notes: Each line shows the content of the average job for the specific task at each point in
time. Task indices are standardized, so the scale is in standard deviation form Sample is from
January 2015 to April 2020. Seasonally adjusted using X13-Seats. All series set to 0 in January
2014, and shown in 3-month moving averages until February 2020, in order to smooth the
series. The adjusted and unadjusted trends are indistinguishable before March 2020.

The main result is previewed with graphical evidence in Figure 1, where I plot, for

the 2014-2020 period, the content of the average job for each of the six tasks, across

all jobs in the US economy. Each index is standardized, so the scale is in standard

deviation form. Jobs intensive in non-routine cognitive tasks have been on a long-run

upward trend for the past few years. For these the trend accelerated in 2019, and rose

COVID ECONOMICS
VETTED AND REAL-TIME PAPERS



Covid Economics 35, 7 July 2020: 221-257

9328 PRESS

229

substantially in March and April 2020. The opposite is true for all types of manual
tasks, while the average RC task content has been mostly flat for the past five years.

These patterns indicate an increase in the share of jobs intensive in tasks typically as-
sociated with high skills, a flat profile for middle skills, and a reduction for low skills.
As such, this is not indicative of job polarization. Figure 2 replicates and extends to re-
cent years results from Autor (2015), and shows (smoothed) changes in employment
shares and wages at different intervals for each occupational skill percentile (in 1980,
a conventional starting point for such analyses). Unlike the 2007-2012 period, where
job losses due to the financial crisis occurred in the middle of the distribution, the re-
covery period of 2012-2018 exhibits a positive linear relationships between skills and
relative employment growth. At the same time, wage gains were relatively broadly
shared. This could be indicative of skill bias, together with an increase the relative
supply of high skills, preventing the skill premium from rising, as was the case in
the 1970s (Katz & Murphy 1992). This is purely a conjecture though, and beyond the
scope of the paper to study. Clearly though the more recent period is not associated
with an increase in job polarization, but rather an evolution in employment shares
increasing in skill.

3 Estimation

3.1 Task content of occupations

In this section, I examine how the probability of leaving employment depends on the
task characteristics of the job, using the task indicators of Acemoglu & Autor (2011).
For ease of interpretation, I convert the continuous task index to a dummy variable,
equal to 1 for occupations whose values of the index is above the 80" percentile of
the index, and zero otherwise.!? Recall that the dependent variable is EN E, which
is equal to 1 for individuals transitioning out of employment, and 0 if they remain
employed. I run several models where I regress ENE on the binary task indicator,
dummies for March and April 2020, and the interaction of the task indicator with the
pandemic month dummies. I run models for each of the task indicators separately.

2Results are qualitatively very similar with the continuous indicator as well.
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Figure 2: Smoothed employment and wage changes by occupational skill percentile
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Notes: Calculated using 2003, 2006-2008, 2012, and 2014-2018 American Community Sur-
vey Integrated Public Use Microdata Series (IPUMS) files. The top figure plots changes
in employment shares by 1980 occupational skill percentile rank using a locally weighted
smoothing regression (bandwidth 0.75). The bottom figures plots similarly defined log wage
changes for full-time, full-year workers. Skill percentiles are measured as the employment
(annual hours) weighted percentile rank of an occupation’s mean log wage in the Census
IPUMS 1980 5 percent extract. Consistent occupation codes for Census years 1980, 1990, and
2000, and 2008 are from Autor (2015).
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More formally, the model I study is:

ENEz'jo,t = ozo—ﬁ—altask’ijo’t,l + agtaskijoﬁt,l X ]\/f&’f‘QOt + agta/Skqjjo’tfl X ApTQOf
+ayMar20; 4+ as Apr20; + a6Oijo -1 + 75 + 0t + €jorts (1)

where EN E;;, denotes the outcome for individual 4 in sector j, in occupation o, at time
t, task;jo.—1 is the binary indicator for whether the individual is in a job with a high
intensity of the given task at time ¢-1, Mar20 and Apr20 are indicators for March and
April 2020, v; are sector dummies, J; are time dummies, ©,j,,—, are lagged individual
controls, and ¢;;; is the error term. Recall that the sample is limited to individuals

employed in the previous month.

As such, I examine whether task intensity matters in general for transitions out of
employment, and whether the COVID-19 shock altered any prevailing pattern. Of
course, losing one’s job at any given month could have little consequences for one’s
employment trajectory, but it is important to control for time-invariant patterns, to
avoid conflating them with pandemic effects. All regressions include monthly dum-
mies to control for seasonality, and some specifications also include sector-time dum-
mies. Individual controls include age and its square, gender, and an indicator for
whether the person is Caucasian. The education variable is categorical for less than
high-school, high-school/GED graduate and college graduate. This model is similar
to the one used by Cajner et al. (2020).

Results are given in Table Al in the Appendix; I report here the main coefficients in
graphical form for convenience, using the odds ratio coefficient from a logistic re-
gression, for the specification with all controls and sector-time fixed effects, for the
March and April samples from 2012-2020. As the probability of losing employment
rose so much in April 2020, the odds ratio, which gives the relative odds of losing
employment for each value of the binary variable, has the desirable feature of scaling
responses, which is convenient for a graphical representation.'

Each set of lines in Tables Al responds to regression results from (1) for each of the

3The downside of logistic regressions is that convergence is problematic when including a large set
of fixed effects (e.g. with sector-time dummies), which is why linear probability models are preferred
as a baseline.
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six task indices. It reports the a;, as and ag coefficients, and each column lists results
from alternative specifications. For ease of interpretation, the task-COVID interaction
coefficients are given in additive form to the pre-COVID coefficient, hence capturing
the total effect of the pandemic shock.

The first set of results consider the role of the non-routine cognitive analytical (NRCA)
content of the job. NRCA content is an important predictor of employment losses
- individuals with high NRCA occupations have a 3pp lower probability of losing
employment in March 2020. What is more, the effect remains strong even when de-
mographics, education and job intensity are taken into account. Column 4 further
shows results after controlling for industry-month fixed effects, which is the easiest
way through which I can control for differential demand shocks, most notably those
related to exposure to social distancing. The coefficient changes little and remains
highly significant. This is a key finding: individuals with NRCA-intensive jobs were

more protected from the pandemic shock irrespective of the industry they worked in.

NRCA content is more important for the non-teleworkable occupations (column 5). A
large part of this is driven by sector-specific effects, as the inclusion of industry fixed-
effects reduces substantially the magnitude of the NRCA coefficient, though it is still
statistically significant. This suggests that, for the subset of teleworkable occupations,
sectoral differences account for almost half of the effect, possibly indicating again that
industries abundant in NRCA jobs were hit comparatively less. Of course, industry
fixed effects remove time-invariant effects as well, which could be particularly impor-
tant regarding job-sector-specific match value. High-NRCA individuals may be more
dear to their firms, possibly due to high job-specific match surplus, or relatively low
supply of the particular skills they have. For teleworkable occupations, by contrast,
while NRCA-intensity by itself is less important than for non-teleworkable ones, the
coefficient does not change after controlling for sector fixed-effects. Even within the
subset of teleworkable jobs and within industries, individuals in NRCA-intensive oc-
cupations are less likely to be hit by an employment loss, which indicates that such a
supply story is likely to hold.

The pre-COVID coefficient shows that individuals in NRCA-intensive jobs are always
less likely to transition out of employment in any given month. At the same time, this
effect is magnified in March, and the coefficient on the task-COVID interaction term is
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Figure 3: Odds ratio coefficient of ENE on task content

odds ratio of losing employment

NRCA NRCP RC RM NRMPH  NRMPE

\o pre-COVID  ® March 2020 e April 2020 \

Notes: Odds ratio coefficients with 95% confidence intervals from logistic regressions of
the probability of losing employment to a binary of high-task content, its interaction with
a COVID dummy, relevant covariates and time-sector fixed effects. Sample is composed of
February to March and March to April transitions from 2012-2020.

statistically significantly different from the pre-COVID coefficient. In the pre-COVID
sample, individuals in jobs with high-NRCA content were 2pp less likely to transition
out of employment, relative to a baseline probability of 4% for other individuals. In
March, those in high-NRCA jobs were 3pp less likely to lose their jobs, while 5.5%
of those in low-NRCA jobs lost their jobs. This is strong evidence that the pandemic
shock served to exacerbate existing patterns, in particular providing for employment
protection for jobs with high NRCA content. This pattern survives across all specifi-
cations for NRCA.

For April, the results are very similar, only now the magnitude of the coefficients is
substantially higher, because the loss of employment in the aggregate is three times
higher than March. Figure 3 shows graphically odds ratio coefficients of a logistic
regression of the specification with fixed effects (column 4).1* The blue dots give esti-
mates for oy, the red dots for o, and the green dots for a3. As these are scaled (relative
to the probability of losing employment for the baseline group), they help with inter-

4The coefficients come from regressions only including March and April for 2012-2020, as the in-
clusion of sector-time dummies renders the estimation unstable.
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preting the magnitudes. I see that the role of NRCA task content in protecting from
employment losses is even higher in April, where individuals in these jobs had 40%

lower odds of losing their jobs than others.

Results are roughly similar for non-routine cognitive personal (NRCP) jobs, with the
coefficient being negative and statistically significant across most specifications, with
the exception of the subsample of teleworkable jobs, and for non-teleworkable jobs
once controlling for sector fixed-effects. Intuitively, for jobs that can be executed re-
motely, NRCP elements are less relevant. The estimated coefficients are also larger in
magnitude for the COVID-19 period, but by a smaller margin than NRCA, however
the difference becomes statistically significant in April for all specifications.

Individuals in jobs with a high content of routine cognitive (RC) element fared bet-
ter only once controlling for demographics, as they have substantially lower educa-
tional attainment than individuals in NRC-intensive jobs, and in particular for the
non-teleworkable jobs. In this case as well, the magnitude is substantially higher than
for the pre-COVID sample, but similar qualitatively. This may be somewhat surpris-
ing as these jobs are typically administrative and clerical (Acemoglu & Autor 2011),
and are thought to be at-risk for automation. At the same time, such occupations that
have still survived previous automation waves may be substantially more difficult to
automate at the margin. The focus is on monthly transitions out of employment, mak-
ing it difficult to discern long-term patterns. Moreover, sector-specific effects seem to
drive all of the variation, and, in any case, any effect is wiped out in April.

On the other hand, routine manual (RM) and, especially, non-routine manual physical
(NRMPH) jobs were at a clear disadvantage. This is likely to reflect the fact that these
jobs are typically executed with physical presence, while requiring little training and
have low match value; as such, they are hit both with supply and demand shocks.
Again though, such patterns were clearly present for the pre-COVID sample as well.
These effects are not driven by sector-specific shocks, which could be indicative of
supply forces. Indeed, the coefficient for NRMPH in April becomes much larger once
controlling for sector-specific effects. This is indeed consistent with employers cutting
NRMPH-intensive jobs to reduce operating expenses in the face of uncertainty shocks,
as such positions are relatively easy to fill-in once uncertainty recedes.'

15The very high coefficient of the NRMPH index for teleworkable occupations is due to the fact that
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Finally, individuals employed in occupations with a high non-routine manual per-
sonal (NRMPE) content did not differ from average, irrespective of the specification.
Note again that I have removed management and professional jobs from this group;
otherwise the coefficient would indicate they had fared relatively better, especially
in April, and in particular for non-teleworkable jobs, as the majority of them would
have been in medical occupations, which were in particularly high demand due to

the pandemic shock.

To recap, I find that non-routine cognitive jobs were substantially less affected by
the pandemic shock. High NRCA jobs have enjoyed a premium in the form of ad-
ditional job security. Individuals in routine cognitive jobs were also somewhat pro-
tected, at least given their relatively lower educational attainment, but in this case
sectoral-specific effects drive the results. On the other hand, manual jobs, particularly
non-routine manual physical jobs, were especially affected. In all these cases, the pan-
demic shock exacerbated preexisting patterns. It should be noted that the COVID-19
shock does not resemble an automation shock as such, but rather a skill-biased shock,
in that lower skills seems to have been disproportionately affected. At the same time,
social distancing measures necessitate labor substitution technologies by firms, and
it is unclear whether this will remain once the shock passes. Finally, the results are
consistent with the analysis of Cajner et al. (2020), who focus on separations by wage
groups, and find that sectoral effects (which account for the differential shocks of the
pandemic) played a relatively minor role.

An interesting parallel to this analysis is how the pattern of separations relates to that
in the Great Recession. To investigate this, I run the baseline model (1) on a sample
covering only the COVID-19 Shock (February-April 2020) and the Great Recession
(October 2008-December 2009). The Great Recession started in December 2007, but it
was relatively mild at its early stages, and non-seasonally adjusted employment was
rising until late Summer 2008. As such, I start the after the Lehman shock, when the
recession became especially deep and unemployment started to climb fast.

Results are shown in table 1. Starting with NRCA, in the Great Recession individ-
uals employed in high-NRCA jobs had 29% lower odds of losing their job relative
to others. This effect was magnified substantially during the pandemic, with indi-

the sample is very small, as this category only includes three occupations.
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viduals in these jobs having 32% lower odds of losing their job relative to the Great
Recession. As such, the protection individuals in NRCA jobs received was then sub-
stantially higher in the current recession relative to the Great Recession. There could
be a number of reasons behind this result, most prominently the fact that the Great Re-
cession was a large protracted demand shock, with employment falling continuously
for over a year, while the COVID-19 shock was sharper but much shorter. Firms are
hence perhaps less likely (in relative terms) to let go of their higher skilled workers in
the current recession, expecting a faster increase in demand.

Workers in NRCP-intensive jobs were similarly less likely to lose their jobs in the
Great Recession, but this effect remained the same in the pandemic. More interest-
ingly, workers in RC-intensive occupations were not more likely than the rest to sep-
arate in the Great Recession, and this did not change in the current recession. Given
that this group never recovered from its losses in the Great Recession, it then seems
that such occupations were not disproportionately hit, but rather new jobs were not
created once the recovery started. By contrast, while individuals in RM jobs were sub-
stantially more likely to be separated in the Great Recession, the difference is much
weaker, and not statistically significant, for the COVID-19 episode. At the same time,
this group did recover from the Great Recession, but slowly.

For NRMPH-intensive jobs, results are similar with RM jobs, as those groups overlap
to some extent. Finally, by far the largest difference is in the NRMPE group, which was
hit the hardest in the COVID-19 shock, as it mostly comprises of high-contact personal
service jobs. In the Great Recession, this was group was not affected differently than
average (and also recovered faster).

The recovery from the Great Recession was also slow (even though the expansion was
the longest on record). It took almost 8 years from its peak (October 2009 to March
2017) for unemployment to reach its pre-crisis trough of 4.4%, and even though it fell
as low as 3.6% in February 2020, the employment rate never recovered, due to a per-
sistent decline in the participation rate. (Jaimovich & Siu 2020) have shown that the
employment losses from the Great Recession were substantially heavier for routine
occupations; they argue that the loss of routine jobs and the delayed adjustment of
workers to new jobs can explain the jobless recovery. Routine cognitive occupations
(using the definition of Jaimovich & Siu 2020), in particular, never recovered, staying
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Table 1: The Great Lockdown versus the Great Recession

(1) (2) (3) (4) ) (6)
NRCA NRCP  RC RM  NRMPH NRMPE
index xGR -0.007*** -0.008*** -0.004 0.012***  0.012***  -0.000

(-3.75)  (-433) (-163) (391)  (388)  (-0.15)

index x Mar20 -0.013** -0.011* -0.005 0.007° 0.012°*  0.006
(-4.05)  (249) (-130) (1.82)  (3.00) (1.13)

index xApr20  -0.073*** -0.063*** 0.008  0.037**  0.043"*  0.053**
(-830)  (-5.69) (048) (2.10)  (2.69) (2.44)

N 678522 678522 678522 678522 678522 678522
Dem/phics X X X X X X
Education X X X X X X
Sector FE X X X X X X

The dependent variable is a dummy equal to 1 if an individual lost their job, 0 other-
wise, for those employed in the previous month. Index is a dummy equal to 1 for occu-
pations above the 80" percentile of each task index. Each column shows results from
regressing the dependent variable on the respective task indicator (index), period dum-
mies, their interactions, and controls (demographics, education controls, sector fixed
effects. The task indicators are denoted as defined in section 2. Errors clustered at the
occupation level. The sample is October 2008-December 2009 and March-April 2020.

flat close to their trough of around 33 million throughout the recovery, while rou-
tine manual occupations reached their pre-Recession levels by 2018, despite a deeper
fall. More generally, they argue that all recessions since 1991, when polarization was
already under way, have been characterized by such a pattern.

The nature of the two shocks and the speed of transmission are completely different,
but to the extent that jobless recoveries are a structural feature of polarized labor mar-
kets, it could be instructive to compare the two episodes in that regard once the dust
settles and, in particular, recalls have run their course.

3.2 The role of turnover

In the previous section I showed evidence that occupational task content is an impor-
tant predictor of job losses. While individuals with higher skills clearly fared better, it
is still unclear whether this is because they are in relatively short supply, or whether

there is also a role for firm-specific human capital in driving these results. Search and
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matching frictions are large in the labor market, and employers may be willing to
hoard labor in the face of a temporary shock in order to avoid losing hard-to-replace
workers; at the same time, they may respond to uncertainty shocks by laying off work-
ers who skills are in abundance and have little job-specific match capital.

I test this hypothesis by augmenting the baseline model with a turnover indicator:

ENEjj,, = aptayindex, + asturnover; s, + a3O0ijo1—1 + V5 + €ijo, 2)

As before, I run separate regressions for each of the task indices, in binary form. The
first indicator is given by the share of workers laid off in the median month each year,
averaged from 2005 to 2015, at either the occupation or the sector level. While this
more directly measures the ease of replacement of employees, it would also be higher
for declining occupations and industries. As such, I use an additional indicator in the
form of total turnover rate, given by gross worker flows in and out of an industry or
occupation over employment.'®

Results are shown in Table 2, for each of the six task categories; columns 1-3 show
results for the layoff rate, and columns 4-6 for total turnover. All models include
demographics and education controls.'” I focus on April transitions only, as over 90%

of employment losses are recorded in April data.

The first column includes sectoral turnover; for all six of the task indices, the coef-
ficient on the sectoral turnover indicator is large and statistically significant, and is
essentially unchanged. This shows that sectors that tend to layoff a larger fraction of
their workers at a given point in time also laid off a larger fraction of their workers
due to the COVID-19 shocks; the coefficient of around 5 indicates that an additional
1pp in median layoff intensity led to 5% additional layoffs in this industry.

There are several possible implications of this finding. On the one hand, this is strong
confirmation of the idea that the COVID-19 shock exacerbated pre-existing patterns.
Moreover, it may indicate a role for uncertainty in exacerbating the shock; as firms

16 An improvement would be to also have information on job tenure; unfortunately, while CPS does
have a biennial Job Tenure supplement, it is not, to my knowledge, available for 2020.

17 As the measures of turnover are based on past data, I cannot include previous years in the estima-
tion sample. However, as the previous section made clear, the COVID-19 shock was distinctly larger
to allow for a separate analysis.
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are uncertain about the effects of the COVID-19 shock, they may have hedged by
laying off workers that they deem easier to replace once the shock recedes. A similar
interpretation could hold for demand concerns. At the same time, one concern is that
sectoral turnover is correlated with COVID-19 demand or lockdown shocks, and so I

am only capturing these effects.

This match quality interpretation is strengthened by results in column 2, which shows
results for regressions where I instead include occupational turnover, and the coeffi-
cient is largely the same. Finally, column 3 includes a sector fixed effect together
with the occupation turnover variable, hence controlling for sector-specific COVID-
19 shocks. The turnover coefficient changes little, suggesting that even within sectors,
occupations with a higher turnover suffer more job losses.’® The specifications with
total turnover in columns 4-6 show much the same picture. In this case, adding a sec-
toral fixed effect to the specification with the occupation turnover leads the coefficient

to fall by about a quarter, but it remains large and statistically significant.

As regards the task indices, and focusing on the specifications with occupational
turnover and sector fixed effects, which provide the cleanest estimates, only the coef-
ficient for NRCA and NRCP are statistically significant; for all other tasks, the coeffi-
cients lose much of their magnitude and are not significant. The ease with which firms
can replace employees working in these tasks seems to go a long way into explaining
job losses during the pandemic shock. But individuals in jobs with high intensity of
non-routine cognitive tasks are less likely to lose their jobs, even controlling for occu-
pation turnover, and even controlling for sectoral characteristics and demand shocks.

This could be evidence of labor hoarding behavior for hard-to-replace employees.

3.3 The role of sectoral structure

The above analysis has indicated a central role for the NRCA-content of jobs as be-

ing an important driver of relative employment losses due to the COVID-19 shock.

18 An alternative way of capturing local shocks is by using Google’s Mobility Reports, which track
people movement across several dimensions and can provide a measure of the extent of the lockdowns.
Controlling for such measures at the county level in fact strengthens the main results, but reduces the
sample by over 60%, as most CPS observations do not report counties, only states or metro areas. If
Iinstead fill in missing county values with state values and using this imputed measure as a control,
results change little, while the coefficient on the mobility measure has the expected sign.
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Table 2: Turnover

@ @ (©)] *) ®) (©)
Terminations Total turnover
nr cog anal
index -0.064"*  -0.047***  -0.034""* -0.054""*  -0.019"  -0.024"**
(-5.40) (-4.03) (-3.86) (-5.15) (-1.73) (-2.59)
turnover 4908"**  5951"**  6.354™*  1.760"**  2.368""  1.682"""
(4.58) (4.45) (6.35) (6.47) (6.75) (7.50)
nr cog pers
index -0.043™*  -0.029"*  -0.033"**  -0.042"**  -0.013 -0.026™"
(-3.35) (-2.30) (-3.10) (-3.48) (-1.08) (-2.54)
turnover 5248  6.542"*"  6.566"""  1.846™"" 2430  1.709"*"
(5.16) (5.02) (7.20) (6.88) (7.27) (8.55)
r cog
index -0.016 -0.008 0.005 -0.007 0.001 0.005
(-0.88) (-0.48) (0.33) (-0.43) (0.06) (0.37)
turnover 5296  6.892***  7.205"**  1.857*** 2480  1.831"*"
(5.17) (5.26) (7.54) (7.05) (7.76) (9.15)
r man
index 0.023 -0.007 -0.004 0.024 -0.013 0.000
(1.17) (-0.30) (-0.23) (1.29) (-0.62) (0.02)
turnover 5.243***  7150"**  7.283***  1.857*** 2530  1.820"*"
(4.96) (4.71) (6.47) (6.73) (7.14) (7.60)
nr man phys
index -0.001 -0.049"" -0.006 0.012 -0.032 0.008
(-0.03) (-2.00) (-0.31) (0.69) (-1.55) (0.49)
turnover 5.390"**  8.700"**  7.351***  1.865"**  2.606"**  1.787"**
(4.60) (5.00) (6.46) (6.79) (7.60) (8.19)
nr man pers
index -0.006 -0.005 -0.017 -0.006 -0.004 -0.020
(-0.31) (-0.24) (-1.37) (-0.35) (-0.22) (-1.48)
turnover 5.287***  6917***  7.035"**  1.859"** 2472***  1.803"*"
(5.42) (5.26) (7.43) (6.84) (7.58) (8.87)
N 33245 33245 33245 33245 33245 33245
Dem/phics X X X X X X
Education X X X X X X
Industry Turnover X X
Occupation Turnover X X X X
Sector FE X X

The dependent variable is a binary indicator equal to 1 if an individual lost their
job, 0 otherwise, for those employed in the previous month. Turnover is the median
layoff probability (cols 1-3) or total turnover rate (cols 4-6) in each year, averaged
over 2005-2015, either at the industry or the occupation level. Index is a binary
indicator equal to 1 for individuals whose jobs are in the top quantile of the task
index in ¢-1, for each task type. The sample includes transitions from March to
April 2020. Errors clustered at the occupation level.
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In this section, I dig deeper into this issue. Somewhat surprisingly, differential de-
mand shocks do not seem to matter much for the magnitude of the NRCA-coefficient.
At the same time, there may still be a sectoral element. In particular, it is possible
that because such industries are knowledge-intensive, job-specific human capital is
higher, and firms would be unwilling to sever these relationships even in bad times.
A corollary would be to check whether this spills over to low-NRCA jobs as well.

I do so with the following model:

ENE;jo1 = Pot+aillowNRCA,;—1 + aslowNRCA;p;—1 x sectorNRCA;; 1+ (3)
agsectorNRC A1 4 a4Ojj—1 + 75 + €ijts

where lowNRC'A is the negative of the NRCA index dummy, while sector NRC A is
the raw sectoral average of the NRCA index. I expect a positive o, and negative as.
A negative o, would indicate that low-skill individuals experience fewer unemploy-
ment transitions in high-NRCA sectors. For brevity, I focus on April transitions here
as well, and consider March in a final specification where I pool the pre-pandemic
period as well.

Results are given in table 3. Column 1 shows results from a baseline with no con-
trols: the oy and ag coefficients have the expected signs, and the interaction coeffi-
cient a, is negative and significant, confirming the above intuition. One concern is
that this may simply reflect differential demand shocks, as NRCA-intensive sectors
experienced lower employment losses. While sectoral NRCA intensity should control
for a substantial part of this, it is important to try and purge the model of demand
variation. Column 2 augments the model with sectoral fixed effects. The interaction
coefficient falls by almost half in magnitude, but remains negative and significant.
Column 3 further augments the model with demographics and education controls,
including an indicator for urban workers, and its interaction with sector NRC A. The
effect may be driven by differences between urban and rural areas; rural/urban lo-
cation could bias results in either direction. While high NRCA sectors are typically
located in cities, rural areas were presumably less hit by the COVID-19 shock. Never-

theless, the main result is little affected by the inclusion of controls.

Finally, column 4 shows results from a regression of a pooled model for the entire

PRESS
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Table 3: The role of sectoral NRCA intensity

9328 PRESS

@ @ (©)

(©)]

lowNRCA x Apr20 0.1142***  0.1064™**  0.0771***  0.0943***
(7.53) (8.56) (6.34) (7.85)
lowNRCA x sectorNRCA  -0.0867***  -0.0452***  -0.0401***  -0.0412***
X Apr20 (-3.91) (-2.91) (-2.69) (-2.74)
sectorNRCA x Apr20 -0.0391"*~
(-3.82)
lowNRCA x pre-COVID 0.0089**
(6.61)
lowNRCA x Mar20 0.0198***
(4.82)
lowNRCA x sectorNRCA -0.0077***
x pre-COVID (-3.41)
lowNRCA x sectorNRCA -0.0121*
x Mar20 (-1.66)
N 33245 33245 32930 4204153
Dem/phics X X
Education X X
Sector FE X X
Sector-Time FE X

The dependent variable is a binary indicator equal to 1 if an individual
lost their job, 0 otherwise, for those employed in the previous month.
Errors clustered at the occupation level. lowNRCA is a dummy equal
to 1 for occupations below the 80" percentile of the NRCA index, and
sector N RC'A is the sectoral average of the NRCA index. The sample in
columns 1-3 is April 2020; in 4 it is comprised of all months in 2012-2020.

2012-2020 sample, with appropriate interaction terms for the variables of interest. As
before, coefficients for March and April are given in additive form relative to pre-
COVID values. In this case as well, these patterns held in the pre-COVID sample, but
at a substantially smaller degree. In terms of its relative magnitude, it appears that
employment losses from the pandemic shock are scaled up versions of usual patterns.
The triple interaction coefficient of interest retains its size and significance even for
March, and is substantially larger in April.

These results suggest a complementarity between high- and low-skilled workers in
sectors with a relatively high share of NRCA-intensive jobs. Aghion et al. (2017)
present evidence of such a channel for innovation; the wage premium earned by
employees of innovative firms is higher for low- than high-skilled employees. They

build a model to rationalize their finding, and one prediction of the model is that in
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fact worker quality is more firm-specific for low- than high-skill workers, implying
longer job tenures for low-skilled employees in innovative firms, as firms will invest

more resources to train them.

3.4 Controlling for economic activity with high-frequency data

In the previous exercises, I controlled for differential shocks using different combi-
nations of fixed effects, which provide a transparent means of controlling for such
issues, at the cost of losing variation. An alternative way of accounting for local eco-
nomic activity is by using some of the newly released high-frequency data. In this
section, I revisit the analysis of the previous sections using two such datasets. The
first is Google’s Mobility Reports, which track people’s using GPS data. They track
people’s movement across several dimensions relative to pre-COVID values and re-
ports percentage changes in visits, providing a proxy for the extent of the lockdowns.
The best coverage and most relevant variables for my purposes are given by the retail
and recreation (RER) and workplaces (WORK) indices; for instance, March 22 saw a
44% reduction in visit to retail and recreation places relative to the January 3-February
6 average. The second source is the spending data of the Opportunity Insights Eco-
nomic Tracker project of Chetty et al. (2020), which track credit/debit card payments
at the zip code level, as collected by a private provider, capturing around 10% of to-
tal transactions, with a higher representation of expenditure on accommodation, food
and retail. The authors show that this data tracks aggregate spending quite well. The

measure I use the percentage change in total spending relative to January (SPEND).

I aggregate county-level data to the core-based statistical area (CBSA) level (using
population weights), because county of residence is reported for only around a third
of respondents. This likely implies a substantial loss of variation; Chetty et al. (2020)
report very large variations in spending changes even across adjacent zip codes. Both
datasets come in daily frequencies; I aggregate daily data in lower frequencies follow-
ing the timing of CPS interviews, and so April values reflect averages from 12 March
to 11 April. I use binary values of the RER, WORK and SPEND variables, set to 1 for
counties with above median values of each respective variable.

I estimate a variant of (1) for April only, with sectoral fixed effects and all controls
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Table 4: High-frequency controls

9328 PRESS

@® @ ()] (©)] () (©)
Non-routine cognitive
analytical personal
index -0.063***  -0.068"**  -0.074"** | -0.052"**  -0.057*** -0.058"**
(-5.64) (-6.70) (-7.01) (-4.08) (-5.01) (-4.76)
high -0.028"**  -0.032"**  -0.044"* | -0.025"*"  -0.028"** -0.0377**
(-4.47) (-4.34) (-5.75) (-4.25) (-3.73) (-4.98)
indexx high 0.015 0.027***  0.039"** 0.003 0.014 0.015
(1.33) (2.66) (3.85) (0.26) (1.34) (1.41)
Routine
cognitive manual
index -0.003 -0.008 0.000 0.034 0.035* 0.037*
(-0.17) (-0.53) (0.02) (1.52) (1.72) (1.73)
high -0.025"**  -0.026"**  -0.033"** | -0.023"**  -0.023"** -0.0327*
(-4.18) (-3.78) (-4.73) (-4.02) (-3.23) (-4.61)
indexxhigh -0.000 0.010 -0.008 -0.011 -0.013 -0.015
(-0.02) (0.61) (-0.49) (-0.74) (-0.93) (-1.02)
Non-routine manual
physical personal
index 0.058***  0.059***  0.060"** 0.047* 0.060"** 0.064"*
(2.85) (2.91) (2.79) (1.89) (2.63) (2.36)
high -0.018"**  -0.019***  -0.028"** | -0.025"**  -0.019"** -0.0277**
(-3.18) (-3.04) (-4.38) (-4.51) (-3.20) (-4.57)
indexxhigh ~ -0.038"**  -0.034" -0.034" 0.002 -0.028 -0.037*
(-2.61) (-1.73) (-1.82) (0.12) (-1.50) (-1.89)
N 23997 25103 25103 23997 25103 25103
SPEND X X
WORK X X
RER X X

The dependent variable is a dummy equal to 1 if an individual lost their job, 0
otherwise, for those employed in the previous month. Index is a dummy equal
to 1 for occupations above the 80" percentile of each task index, and high is
a dummy equal to one for above median values of SPEND, WORK and RER,
as denoted. Each panel shows results from regressing the dependent variable
on the respective task indicator (index), the respective activity indicator (high),
their interactions, and controls (demographics, education controls, sector fixed
effects. Errors clustered at the occupation level. The sample is April 2020.

included. Results are given in table 4. Each panel reports results from each pair of

broad task categories: NRC analytical and personal in the top panel, R cognitive and

manual and the middle panel, NR physical and personal in the bottom panel. The

task indicator is denoted as index and the activity indicator denoted as high (standing

for high levels of activity, even though it fell in almost all areas).
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The coefficient for high is negative and significant for all activity indicators. In areas
with above median levels of (relative) activity, transitions out of employment were
around 3pp smaller. The effect is largest for the RER indicator, which is likely to cover
mostly employees in related industries. This is consistent with the results of Chetty
et al. (2020), who report that more affluent localities exhibited a larger reduction in
both spending and employment; their data only cover low income employment.

This view is reinforced by results for non-routine manual jobs, where the index-high
interaction coefficient is positive and significant for most specifications. This implies
that the likelihood of transitioning out of employment is further mitigated for individ-
uals in these occupations in high activity areas, relative to others. Especially for the
non-routine manual occupations, the separation rates is equal to other occupations,
on average, in high activity areas, as the three coefficients sum to zero. On the other
hand, the index-high interaction is positive and significant for the WORK and RER in-
dicators for NRCA-intensive jobs, meaning that the relative protection such jobs offer
is smaller in high activity areas. The interactions are small and not significant for the
other task indicators, suggesting that individuals in these occupations fared similarly
(relative to other occupations) in high and low activity areas.

Overall, controlling directly for changes in economic activity does not materially change
our results, but does provide more subtle insights for the professions that were af-
fected the most (non-routine manual) and the least (non-routine cognitive analytical)
from the shock, showing that these effects were driven primarily by areas where activ-
ity slowed down by more. These controls cannot answer whether demand or supply

effects are driving the results, as either could contribute to lower activity.

3.5 Is there a reallocation wave under way?

The scale of job losses in the United States as a result of the COVID-19 have given rise
to a debate regarding the extent to which jobs lost can be recovered. A combination
of search costs, defaults, uncertainty and structural change may imply the permanent
loss of many jobs, as well as a long delay in creating new jobs. The results of Barrero
et al. (2020) certainly point towards such a story. Using survey data, they show an
increase in expected excess reallocation (sum of creation and destruction minus net
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employment change) of 2.4 times relative to pre-pandemic averages, at the firm level.
They document that for every 10 jobs lost, 3 have already been created. Combing their
results with historical data on recalls, they estimate that 42% of staffing reduction will
lead to permanent job losses.

Even though the vast majority of layoffs in April are listed in CPS as temporary, other
sources also indicate that a substantial part of these matches may be destroyed. For
instance, although 91% of UI claimants in California expected to be recalled to their
jobs in the late March, this figure had fallen to 69% by early May."

The large reallocation patterns reported by Barrero et al. (2020) occur at relatively high
frequencies, substantially increasing the time-aggregation bias of CPS. What the CPS
can shed light on, however, is whether there is a noticeable shift of workers across oc-
cupations or sectors. This could include employed workers who switch employers or
unemployed workers who take up a new job in a different occupation or sector rela-
tive to their previous employment. An increase in the fraction of workers who switch
occupation or industry would point to increased reallocation. I calculate occupation
and industry switchers as the fraction of workers who switch in adjacent months,
both for continuing workers and for entrants from unemployment (as CPS codes the
last known industry and occupation for unemployed workers). 2° I extend the sample
to May, when employment rose substantially, and could give an additional data point
for reallocation. I exclude individuals recalled from a temporary layoff; while Fujita
(2018), in a similar exercise, does include them, the spike in recalls from temporary
layoffs in May would bias the switching rate downwards. I calculate job-to-job tran-
sitions as the share of workers who are employed in consecutive months but switch

employers from one month to the other.

I plot these measures in figure 4. The blue and red lines show the (non-seasonally
unadjusted) shares of workers employed in a given month who switch occupations
(4-digit level) and sectors (2-digit level) relative to the previous month. There is no

clearly discernible increase for either series. Following an upward trend coinciding

YSource: California Policy Lab.

DFocusing only on workers employed in consecutive months yields a qualitatively very similar
picture. Comparing the same month across years is complicated, as occupation codes changed in 2020,
resulting in a discrete jump in January. As such, an analysis of consecutive months, removing January
2020, is more informative. I also remove June and July 2015, which exhibit a very large spike in the
share of individuals who switch occupations and industries.
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with the recovery, the share of workers employed in consecutive months that switch
occupations has hovered around 7% since 2016, and 4.5% for industries. The green
line shows the occupation switching rates using the coarse 22 CPS major occupation
classification, to correct for the erroneous switches problem notes by Fujita (2018).
The coarse switching rate is naturally lower, but the pattern is very similar, and also
shows little movement during the COVID-19 shock. Finally, the yellow line shows the
share of job-to-job transitions. Again, the measure is around 2% across the horizon
considered, and does not move perceptibly in April or May.?! Note that purpose here
is only to see whether there is a spike in switching in April, not to analyze cyclical
properties of these series, which is why I only plot non-seasonally adjusted rates.

There are a number of caveats to this analysis. First, this is not a properly defined
measure of reallocation, as it focuses exclusively on the sub-sample of those currently
employed, hence ignoring job losers who did not find a new job within the month.
Second, it is well-known that vast majority (85-90%) of reallocation occurs within in-
dustries and localities (Davis & Haltiwanger 1992), and Barrero et al. (2020) give an
excellent illustration of this phenomenon. At the same time, given the size of the
shock, I expect that such a major reallocation shift should have involved at least some
movement in the series plotted in figure 4. A final major caveat to this analysis com-
pared to Barrero et al. (2020), is that it is based on data for an on-going shock. By
contrast, Barrero et al. (2020) rely on a forward-looking measure, and argue that such
a measure is preferable in this context, because creation lags destruction in major re-
allocation shocks for at least a year.”> What this exercise can say though is that, to the
extent that a large realignment of the workforce is already underway; it is occurring

largely within industries and occupations.

An alternative source of information on reallocation in high frequencies is JOLTS, a
survey of 16,000 establishments designed to capture worker flows in the US labor
market. Table 5 shows seasonally adjusted sectoral hire and separation rates for the

Z1This measure can also include workers who are laid off and find a job prior to the CPS interview.
The denominator consists only of individuals with a valid response to the relevant question, as a large
number of eligible interviewees have missing values for this question, for unknown reasons. How-
ever, the stable value around 2% is consistent with estimates by Bosler & Petrosky-Nadeau (2016) with
different data.

22Note also that the higher sampling bias (due to an increase in non-response rates) in CPS may be
especially acute in this case.
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Figure 4: Share of workers switching occupations and sectors
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Notes: The chart shows the share of workers employed in consecutive months who switch
occupations (4-digit, blue line) or sectors (2-digit, red line) from one month to another. The
green line uses the CPS 22-occupation classification. The yellow line shows the share of
workers who switch employers. The sample includes all CPS Basic Monthly Sample files
from 2012-2020.

non-farm private economy. A number of issues stand out.

First, hires kept their pace relatively unabated in March, but separations increased by
a factor of 2.5 relative to February. Non-farm private sector hire rate fell modestly, to
3.7%, from 4.2% in February. Seasonal adjustment may be misleading given the size of
the shock; the fall in the non-seasonally adjusted hire rate was ever smaller, at 0.1pp.
The separation rate, by contrast, rose substantially, from 4% to 11.1%. The layoff rate
(which excludes quits) rose from 1.4% to 8.8%. Both rates fell in April, but relative to

February, the relative change in the separation rate is still larger (in log points).

Second, sectoral differences in the change in hiring behavior is relatively muted. Hir-
ing in fact increased in non-durable manufacturing and fell by only 0.2pp in retail;
on the other hand, it fell substantially in entertainment and in accommodation and
food services. The dispersion of the change in hiring rates across sectors was relative

compressed overall; the upshot is that, while hiring was curbed, it was still taking
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Table 5: Hires and Separation Rates by sector, February-April 2020

Hire rate Separation rate

m @ & G e e O ©

Feb Mar Apr A | Feb Mar Apr A
Mining 34 27 1.7 -12 ] 28 60 104 54
Construction 5.1 5.1 29 -11 | 47 99 119 6.2
Durable manuf 24 2.0 20 04| 23 5.9 6.7 4.0
Nondurable goods manuf 29 29 37 04|28 69 53 33
Wholesale trade 2.6 2.3 22 -04 | 26 4.2 47 1.8
Retail trade 52 49 51 -02 | 52 10.6 8.8 45
Transportation/utilities 41 38 32 -06 | 41 81 68 34
Information 33 26 1.3 -14 | 30 37 56 1.7
Finance and insurance 25 2.3 1.6 -06 | 23 2.6 1.7 -02
Real estate 34 29 15 -12 | 25 77 107 6.7
Professional and business services | 5.1 5.1 35 -08 | 50 8.0 6.4 22
Education 25 24 20 -03 | 24 8.6 87 63
Health care 32 28 24  -06 | 29 6.9 6.1 3.6
Arts and entertainment 6.8 52 19 -33 | 63 245 256 188
Accommodation and food services | 6.4 3.9 39 25|61 341 230 225
Other services 38 28 24 -12 | 37 164 190 140
Total private non-farm 42 37 30 -09] 40 111 87 59

Source: JOLTS. Sample includes all monthly data from February to April 2020, in
non-seasonally adjusted form, except for the bottom line. The hire and separa-
tion rates are defined as hires or separation over employment, multiplied by 100.
Columns 4 and 8 show the difference between the average value for March and
April relative to February.

place, and in fact remained higher than its trough of 3.1% in June 2009, in March and
slightly below in April.

Third, there are enormous differences across sectors in separations. The dispersion
of the change in the rate is an order of magnitude higher relative to hires. Entertain-
ment and accommodation and food services, in particular, experienced separations of
over half of their February employment, given their particular exposure to the pan-
demic shock; on the other hand, for the finance and insurance and insurance sector,
separations in fact fell in April, and total employment shrank by only 0.7% relative to
February.

Fourth, the ratio of hires to separations is 0.34 for both months, almost identical to
the survey findings of Barrero et al. (2020). At the same time, the hire rate is rela-

tively close to its long-term sample average of 4%.% This is an interesting finding in

ZDavis et al. (2010) noted that earlier renditions of JOLTS underestimated gross workers flows in
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its own right; while the ratio of separations to hires was typically around 1, reaching
a maximum of 1.25 in April 2009, it jumped to 3 in March and 2.9 in April, but this
was mostly driven by the separation rate: relative to February, the log change in the
separation rate was 8 times larger than the log change in the hire rate in March, and
2.3 times in April. As such, while the surprisingly strong pace of hiring in the face of
such a large shock may indeed indicate the emergence of a large reallocation wave,
the fact that the hire rate is so close to its usual level implies this conclusion could be
premature. On the other hand, a disproportionate fraction of hires comes from young
firms; given the large reduction in business formation and the tighter borrowing con-
straints small firms face, it is possible that the aggregate hire rate may in fact mask
an increasing hire rate for large firms, which could indeed imply higher reallocation.
Future data releases will likely shed light to this puzzle.

4 Conclusion

I.examined the pattern of short-term job losses from the COVID-19 shock in the United
States, using the task approach to labor markets. This framework can shed light on
what types of jobs were most affected from the shock, and which ones were most re-
silient, offering a complementary analysis of the labor market effects of the shock to
work using granular data to more precisely capture the demography, geography and
scale of the shock (Cajner et al. 2020, Chetty et al. 2020). I find that job task content
is an important predictor of job losses, even controlling for demographics, education,
industry, teleworkability and local economic activity. The coefficients on the task con-
tent indicators become insignificant once I control for occupational turnover (which
proxies for the ease of replacing workers), except for indicators for jobs intensive in
non-routine cognitive (NRC) tasks; this suggests that layoffs followed usual patterns,
but firms hoarded workers with NRC skills.

I also take a stab at gauging whether reallocation patterns can already be seen in
publicly available data, CPS and JOLTS. In CPS I show that there is discernible uptick
in the share of workers switching occupations, while, from JOLTS, I find that the hire

public use files. Following their recommendations, BLS revised the methodology in 2009 and moder-
ated the discrepancy, though differences remain.
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rate moved much less than the separation rate, and remains relatively close to its
historical average, at only 0.1pp below its trough in the Great Recession, even though
unemployment is currently much higher. Taken together with the results of Barrero
et al. (2020), these findings imply that reallocation may have yet to take off, but if
it has, it is taking place within occupation and industries. At the same time, it is
important to note that at least some of the reallocation away from contact-intensive
sectors (hospitality, personal services) is likely to be temporary, until vaccines become
available and relevant investments take place (e.g. separating panels, germ-resistant
surfaces). This makes it more likely that there will be a protracted underutilization of
resources, relative to even a gradual reallocation shock, and hence a larger scope for
demand-supporting policies. More broadly, the surprisingly small change in the hire
rate in the face of a massive increase in the separation and layoff rates is an important
area for future work.

Overall, it remains to be seen whether the patterns identified in this paper will per-
sist. A new burgeoning literature, an offspring of the slow recovery from the finan-
cial crisis, argues for structural change as taking place in recessions and amplifying
them (Chodorow-Reich & Wieland 2020, Jaimovich & Siu 2020). While COVID-19 is a
singular shock, and past experience may not be especially useful, it has arguably al-
ready ushered in a wave of substantial technological diffusion and paradigm-shifting
change in work patterns. Baldwin (2020) lays out the argument that the jobs that will
survive are those relying on social cognition and interpersonal skills, which artificial
intelligence or offshoring cannot handle, precisely the type of transition expected be-
fore the COVID-19 shock.

More speculatively, there is some evidence that such transition may have been fore-
shadowed by financial markets: Pagano et al. (2020) show that not only has portfolio
reallocation taken place away from stock firms in sectors heavily exposed to the pan-
demic, towards resilient stocks, but that highly resilient firms substantially outper-
formed low-resilience firms for the six years prior to the pandemic. They speculate
that investors may have been pricing such a risk, but another possibility is techno-
logical; given that the currently dominant technologies are also more resilient to the
pandemic, firms on the forefront of production or intensive usage of these technolo-
gies were both possibly enjoying higher stock returns before the COVID-19 shock and
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were in a better position to withstand the shock, for instance by transitioning to a new
work paradigm or having sufficient cash buffers.
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A Appendix

Figure Al: Mapping of skills, tasks and occupations

Mathematics and formal reasoning. E.g.
e naihE Mathematicians, Actuaries and
High skilled: non- COBRILIVE anatyHCs Statisticians (ISCO code 212)
routine cognitive | .

Non-routine

Interpersonal and managerial tasks. E.g.
| Managing Directors and Chief Executives
(ISCO code 112)

tasks Non-routine

cognitive personal

Production and operative occupations.
Routine Manual E.g. Rubber, Plastics and Paper Products

- - Machine Operators (ISCO code 814
Medium skilled: ol il o o

routine tasks

Repetitive cognitive tasks in clerical &
Routine Cognitive administrative occupations. E.g. Cashiers
and Ticket Clerks (ISCO code 523)

Requiring flexibility and physical
adaptibility. E.g. Heavy Truck and Bus
Drivers (ISCO code 833)

Non-routine
Low skilled: non- manual physical
routine manual

Service occupations. E.g. Hairdressers,
Beauticians and Related Workers (I1SCO
code 514)

tasks

Non-routine
manual personal

Source: Dias da Silva et al. (2019).
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Table Al: Regressions for task content

9328 PRESS

@ 2 (©) 4 ®) (6) @) ®)
Non-TW Non-TW TW ™
nr cog anal
re-covid -0.021***  -0.014***  -0.005** -0.005***  -0.024***  -0.008"**  -0.004 -0.004**
p (-6.86) (-5.72) (-2.22) (-3.71) (-7.64) (-4.54) (-1.29) (-2.18)
March -0.030***  -0.023***  -0.015"**  -0.014***  -0.043***  -0.019"** -0.013** -0.013***
(-6.53) (-5.57) (-3.73) (-4.15) (-6.33) (-3.65) (-2.25) (-2.71)
April -0.120**  -0.113***  -0.105***  -0.073***  -0.100***  -0.036 -0.068™**  -0.054"**
p (-8.38) (-8.21) (-7.70) (-8.35) (-3.57) (-1.33) (-4.44) (-4.67)
nr cog pers
re-covid -0.018***  -0.011***  -0.005** -0.006***  -0.026"**  -0.014"**  -0.001 -0.003*
p (-6.09) (-4.73) (-2.22) (-4.28) (-8.99) (-6.16) (-0.21) (-1.80)
March -0.021***  -0.014***  -0.008" -0.012***  -0.028"**  -0.018" -0.002 -0.009*
(-4.22) (-3.33) (-1.92) (-2.69) (-3.90) (-1.73) (-0.43) (-1.74)
April -0.086™**  -0.079***  -0.074"**  -0.063***  -0.094***  -0.070"**  -0.028" -0.037***
p (-5.51) (-5.30) (-5.01) (-5.77) (-2.69) (-2.62) (-1.90) (-2.94)
r cog
re-covid -0.000 -0.005* -0.005***  -0.002 -0.004 -0.003 -0.003 0.001
p (-0.06) (-1.81) (-2.67) (-1.17) (-0.48) (-1.12) (-0.78) (0.59)
March -0.006 -0.011** -0.011***  -0.005 -0.015 -0.009** -0.004 0.002
(-0.94) (-2.38) (-2.73) (-1.30) (-1.50) (-1.99) (-0.57) (0.29)
April -0.000 -0.005 -0.005 0.008 -0.032 -0.014 0.037* 0.043**
p (-0.01) (-0.21) (-0.24) (0.47) (-0.97) (-0.60) (1.65) (2.33)
r man
re-covid 0.017***  0.016"**  0.006™" 0.008"**  0.010" 0.011***  0.021* 0.021**
p (3.42) (4.56) (2.14) (3.94) (1.96) 4.72) (1.87) (2.05)
March 0.017***  0.016***  0.007 0.008™* 0.008 0.010" 0.017 0.020"
(2.72) (2.94) (1.39) (1.97) (1.16) (1.96) (1.44) (1.79)
Aopril 0.061***  0.060***  0.051** 0.038"* 0.010 0.009 0.134** 0.116**
p (2.82) (2.97) (2.56) (2.16) (0.35) (0.43) (2.36) (2.25)
nr man phys
re-covid 0.009"* 0.016™**  0.008"**  0.008"**  0.001 0.010***  0.014™**  0.017**~
p (2.08) (4.73) (2.78) (3.96) (0.25) (3.81) (4.13) (4.29)
March 0.011" 0.018***  0.010" 0.013***  -0.000 0.016™**  0.045"**  0.050"**
(1.75) (3.34) (1.94) (3.36) (-0.03) (3.62) (5.67) (5.07)
Aopril 0.024 0.031* 0.023 0.044***  -0.033 0.011 0.027 0.051***
p (1.25) (1.74) (1.30) (2.75) (-1.30) (0.60) (1.61) (3.44)
nr man pers
re-covid 0.006 0.000 -0.001 0.001 -0.002 -0.003 0.006 0.005
p (1.13) (0.10) (-0.30) (0.27) (-0.38) (-1.20) (0.64) (0.97)
March 0.012 0.007 0.005 0.006 0.006 0.005 0.004 0.004
(1.45) (0.94) (0.77) (1.15) (0.63) (0.76) (0.29) (0.50)
April 0.093***  0.087***  0.086"**  0.053"* 0.076" 0.054™" 0.035 0.007
p (2.67) (2.62) (2.59) (2.45) (1.82) (2.07) (0.83) (0.37)
N 4204153 4204153 4204153 4204153 2505587 2505587 1698566 1698566
Dem/phics X X X X X X X
Education X X X X X X
Sector-Time FE X X X

The dependent variable is an indicator equal to 1 if an individual lost their job, 0 otherwise, for those
employed in the previous month. Each panel shows results from regressing the dependent variable
on the respective task indicator, interacted with time dummies. The task indicator is a binary equal
to 1 for individuals whose jobs are in the top quantile of the task index in the previous month, for
each task type. Regressions include monthly dummies. Errors clustered at the occupation level. TW
columns include the subsample of teleworkable occupations, and opposite for Non-TW. Sample is

2012-2020.
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Using high-frequency panel data for U.S. counties, I estimate the full
dynamic response of COVID-19 cases and deaths to exogenous movements
in mobility and weather. I find several important results. First, weather
and mobility are highly correlated and thus omitting either factor when
studying the COVID-19 effects of the other is likely to result in substantial
omitted variable bias. Second, temperature is found to have a negative
and significant effect on future COVID-19 cases and deaths, though the
estimated effect is sensitive to which measure of mobility is included in
the regression. Third, controlling for weather, overall mobility is found to
have a large positive effect on subsequent growth in COVID-19 cases and
deaths. The effects become significant around 2 weeks ahead and persist
through around 8 weeks ahead for cases and around 9 weeks ahead
for deaths. The peak impact occurs 4 to 6 weeks ahead for cases and
around 8 to 9 weeks ahead for deaths. The effects are largest for mobility
measured by time spent away from home and time spent at work, though
significant effects also are found for time spent at retail and recreation
establishments, at transit stations, at grocery stores and pharmacies,
and at parks. Fourth, I find that public health non-pharmaceutical
interventions affect future COVID-19 cases and deaths, but that their
effects work entirely through, and not independent of, individuals'
mobility behavior. Lastly, the dynamic effects of mobility on COVID-19
outcomes are found to be generally similar across counties, though there
is evidence of larger effects in counties with high cases per capita and
that reduced mobility relatively late.
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1 Introduction

Understanding the causal effects of social distancing behavior on subsequent growth in
COVID-19 cases and deaths is clearly of first-order public health and economic importance.
Yet, to date, there has been surprisingly little research estimating the full dynamic response
of COVID-19 outcomes to exogenous movements in mobility.

There are a couple formidable empirical challenges that help explain this paucity of
research. First, observed movements in mobility are likely to be endogenous due both to
correlation with other factors that could themselves affect COVID-19 spread and to reverse
causality, with publicity of current growth in cases and deaths affecting individuals’ mobility
(voluntarily and/or via mandatory restrictions). Weather is one such factor. There have been
numerous studies in recent months on the impact of temperature and other weather variables
on COVID-19 spread. The results have been mixed, with some studies finding significant
effects and some not. As this paper will show, weather and mobility are very strongly
correlated and hence, given the possibility that weather has a direct effect on COVID-19
outcomes, it is important to study the impacts of weather and mobility jointly. Second, the
potential lags between mobility and COVID-19 outcomes may be quite long, requiring at
least several months of post-outbreak data before one can begin to trace out the full impacts
of mobility changes. The availability of geographically granular, high-frequency, real-time
data along, of course, with the passage of time now open the doors to such research.

This paper is a first attempt at estimating the full dynamic response of COVID-19 out-
comes to exogenous movements in mobility. I estimate this impulse response function (IRF)
for COVID-19 cases and deaths up to 10 weeks ahead using a panel Local Projections es-
timator with county-level data. To identify plausibly exogenous movements (“shocks”) in
mobility, T use standard regression control techniques in a dynamic panel data framework.
In particular, when regressing future COVID-19 outcomes on current mobility, I control for
lagged mobility, current and lagged COVID-19 outcomes, COVID-19 testing, weather (tem-
perature, precipitation, and snowfall), and high-dimensional fixed effects for counties and for
time. Controlling for current and lagged cases and/or deaths, as well as testing, accounts
for the likelihood that news of current local COVID-19 spread, which itself would predict
future cases and deaths, induces people to increase or decrease their current social distancing
(mobility) behavior. Controlling for lagged mobility helps ensure that current movements in
mobility are not driven simply by persistence from past mobility shocks. Including county
fixed effects effectively controls for many important known and unknown characteristics of
local communities that can increase COVID-19 transmission and/or lethality, such as de-

mographics, socioeconomic status, density, etc. Time (week) fixed effects absorb seasonal
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factors, common time trends, and any policies or other factors at the national level. In an ex-
tension, I also show the results are robust to controlling for public health non-pharmaceutical
interventions (NPIs), such as shelter-in-place orders and school closures.

The analysis reveals a number of important findings. First, weather and mobility are
highly correlated and thus omitting either factor when studying the COVID-19 effects of the
other is likely to result in substantial omitted variable bias. Second, holding fixed time spent
away from home (of one many available mobility measures), temperature is found to have a
negative and significant effect on COVID-19 cases for at least 6 weeks ahead and on deaths
for at least 10 weeks ahead, while precipitation and snowfall have no consistent significant
effects. However, while the temperate effect is robust for subsequent COVID-19 deaths, it is
not robust across all measures of mobility for cases and thus the temperature result should be
viewed with appropriate caution. Third, controlling for weather, overall mobility, measured
by time spent away from home, is found to have a large positive effect on subsequent growth
in COVID-19 cases and deaths. The effects become significant around 2 weeks ahead and
persist through around 7 weeks for cases and around 8 weeks for deaths. The peak effect
occurs around 5 weeks ahead for cases and around 7 weeks for deaths. Looking across
subcategories of mobility, the effects are clearest for time spent at workplaces and retail &
recreation, though there is also evidence of an adverse effect on deaths growth for mobility
at transit stations, at grocery & pharmacy, and, to a lesser extent, at parks. Further, the
effects of mobility are quantitatively large. For example, a 1% increase in time spent away
from home is found to increase COVID-19 case growth over the following 8 weeks by nearly
6%. Fourth, I find that the impact of public health NPIs works entirely through affecting
individual mobility behavior.

Fifth and lastly, I find that the dynamic effects of mobility are generally similar across
counties, with a couple of interesting exceptions. In particular, I estimate heterogeneous
treatment models allowing for mobility to affect cases or deaths growth differently across
counties depending on the timing of their local onset of COVID-19 spread (first case), the
timing of their initial plunge in mobility, their total cases per capita, the share of their
population in nursing homes, and for mobility increases versus decreases. I find little to no
evidence of heterogeneity across these dimensions except for two cases. First, there is some
evidence, especially for cases growth, that mobility effects are larger when and where cases
per capita are higher. Second, the impact of mobility on deaths from 2 to 5 weeks ahead
is larger for counties which experienced their largest weekly drop in mobility at a relatively
late date. This finding may suggest that for a given magnitude of mobility change, earlier
action is more effective than later action.

Prior studies have tended to focus on the effect of non-pharmaceutical policy interven-

COVID ECONOMICS
VETTED AND REAL-TIME PAPERS



Covid Economics 35, 7 July 2020: 258-300

9328 PRESS

261

tions, especially shelter-in-place orders (“SIPOs”), on COVID-19 outcomes, rather than the

direct effect of mobilityﬂ For instance, [Courtemanche, Garuccio, Le, Pinkston, and Yelowitz]
(2020) finds a sizable impact of SIPOs on subsequent COVID-19 case growth in the U.S..
Similarly, [Hsiang, Allen, Annan-Phan, Bell, Bolliger, Chong, Druckenmiller, Huang, Hult-

lgren, Krasovich, et al| (2020) exploit subnational panel data, including state-level data for

the U.S., during the early months of the pandemic to estimate the impact of various NPIs on
COVID-19 case growth, finding substantial beneficial impacts. These studies do not directly
study the role of mobility, but rather assume that the effect of NPIs on COVID-19 cases is

mediated through the channel of NPIs, reducing mobility which in turn reduces infections.

Similarly, |Askitas, Tatsiramos, and Verheyden| (2020), which uses cross-country panel data
in an event-study framework, finds that NPIs decrease the daily incidence of COVID-19.
They also find that NPIs decrease mobility, though they do not assess whether NPIs affect
COVID-19 cases independent of mobility or whether mobility directly affects cases.

There are at least four other notable studies of the direct effects of mobility behavior on
COVID-19 outcomes. [Soucy, Sturrock, Berry, Westwood, Daneman, MacFadden, and Brown|
uses variation across 40 global cities for the late March to mid-April time period and
find a strong correlation between mobility and COVID-19 case growth 14 days ahead.
[Du, Marshall, Dong, Squire, and Gardner (2020) also investigate the correlation between

mobility and subsequent case growth, but using panel data from the 25 U.S. counties with
the most cases as of mid-April. Estimating this correlation for varying lag lengths, they find
it peaks at 11 days. These two studies are correlational. As noted above, the correlation
between mobility and COVID-19 outcomes can be driven by omitted variables and/or reverse

causality, such that correlations may be a misleading guide to the causal impacts of changes

in mobility and thus not useful for policy prescriptions. [Kapoor, Rho, Sangha, Sharma,

[Shenoy, and Xul (2020) is one of the first studies aiming to estimate the causal effect of

mobility changes on COVID-19 cases. They investigate the early declines in mobility, prior
to local NPIs, using a cross-sectional regression design with U.S. county-level data. They
employ an instrumental variables approach, using precipitation as an instrument for the early
mobility declines. They find that these declines were associated with fewer cases and deaths
up to at least 18 days later, the farthest horizon they investigate. Their results are consistent
with those in this paper, though I find effects persisting as far out as 9 weeks ahead. Most
recently, [Unwin, Mishra, Bradley, Gandy, Vollmer, Mellan, Coupland, Ainslie, Whittaker|
[Ish-Horowicz, et al| (2020) estimate the impact of mobility on the transmission rate, Ry,
of SARS-CoV-2, the virus that causes COVID-19. They estimate this impact with state

'See [Nguyen, Gupta, Andersen, Bento, Simon, and Wing] (2020)) for a discussion of this literature as well
as original evidence.
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panel data using a logit model with state-specific random effects. Similar to this paper, they
measure mobility using the Google Mobility Reports. Because the true transmission rate
is unknown, they infer it from observed COVID-19 deaths using a Bayesian semi-structural
model. An important element of the model is an assumed lag structure between infection
and death. The authors use estimates of that lag structure from early studies of the disease
in China.

As mentioned above, the evidence on weather’s impact of COVID-19 is mixed.
[Rahmandad, Gupta, DiGennaro, Ghaffarzadegan, Amini, and Jalalil (2020) finds a “modest”
negative effect of temperature on covid19 case growth globally. They assume a 10-day lag,
which the evidence in this paper suggests may be too short to see the full impact.
|Cornetet, Huybers, Meng, and Proctor| (2020) finds a negative relationship between UV

light and COVID-19 case growth, while they find “weak or inconsistent lagged effects of

local temperature, specific humidity, and precipitation.” Similarly, [Jamil, Alam, Gojobori
[and Duartel (2020)) find no evidence of a link between temperature and COVID-19 case

growth across countries and Chinese provinces. Yet, these papers do not generally account

for the fact (documented below) that weather has very strong effects on mobility behavior,
which itself affects COVID-19 outcomes, making it hard to know how much their results
reflect a serious omitted variable bias.

Most of the studies above and others in the nascent literature on COVID-19 impose a
specific response lag between mobility or NPI/SIPOs and COVID-19 cases. Typically, they
assume lags of around 14 days, which is based on the logic of a roughly 7-day incubation
period (from exposure to symptoms) and a 7-day “confirmation” period from symptom
onset to a positive test result. Such an assumption may miss an important third phase, the
transmission propagation phase. After that initial exposed individual becomes infectious,
they may spread the infection to one or more additional individuals, who may in turn spread
it to others, and so on. Each of these “rounds” of infection transmission involves its own
incubation and confirmation delays, potentially spreading out over time the effect of any
initial shock such as mobility, weather, NPIs, etc.. This highlights the usefulness of applying
an estimation method, such as local projections, that does not impose any assumed response

lag and instead allows for estimation of the full impulse response function.
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2 Data and Stylized Facts

2.1 COVID-19 Data

Daily county-level on COVID-19 cases and deaths were obtained from usafacts.org, which
compiled the data from state public health agencies.ﬂ T also obtained alternative data on cases
and deaths from the New York Times database (via tracktherecovery.org). The correlation
between these two data sets is extremely high (0.9995) and the results in the paper are
nearly identical using the New York Times data. Data on daily testing, which are only
available at the state level, come from The COVID Tracking Project and were downloaded
from tracktherecovery.org.

The national time series for COVID-19 cases and deaths are shown in Figure [l The
earliest cases occurred in late January, but nationally cases began accelerating rapidly in
mid-March, with deaths accelerating around the beginning of Aprilﬁ Yet the upsurge in
cases and deaths varied substantially across counties, as shown in the histogram in Figure
[ Of the 3,016 counties with available data on cases, about one-third had their first case in
or before the third week of March (15th - 21st). The week with the most first cases, in 822
counties, was the following one, March 22-28. There is a long right tail thereafter. In fact,
there remain a few dozen sparsely populated counties that have no cases as of June 28, the

latest date of data as of this writing.
2.2 Mobility Data

Google Mobility Reports provide percent changes in mobility relative to the Jan. 3 —
Feb. 6 average. More specifically, Google describes the data as follows: “These datasets
show how visits and length of stay at different places change compared to a baseline. We
calculate these changes using the same kind of aggregated and anonymized data used to show
popular times for places in Google Maps. Changes for each day are compared to a baseline
value for that day of the week: The baseline is the median value, for the corresponding day
of the week, during the 5-week period Jan. 3 — Feb. 6, 2020,”E|

The Dallas Fed Mobility and Engagement Index (MEI) is the first principal component

of seven cell-phone-based geolocation variables from the data provider Safegraph. The seven

’https://usafactsstatic.blob.core.windows.net/public/data/covid-19/covid_confirmed_
usafacts.csv

3There are two larges spikes in daily death counts in Figure These are due to the addition by New York
City and New Jersey of probable COVID-19 deaths based on retrospective reviews of deaths certificates.
New York City added around 3,800 deaths on April 14 and New Jersey added 1,854 on June 27. I remove
these added deaths from the data for the regression analyses in the paper. Their inclusion would yield large
outliers in death growth rates which could unduly bias the results.

4The data were accessed at https://www.google.com/covid19/mobility/.
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Figure 1: Daily COVID-19 Cases and Deaths in the United States

Daily New Deaths

1000 2000 30|00 4000 5000

01feb2020 01mar2020 01apr2020 01may2020 01jun2020 01jul2020

0
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variables are as follows: the fraction of devices leaving home in a day, the fraction of devices
away from home for 3-6 hours at a fixed location, the fraction of devices away from home
longer than 6 hours at a fixed location, an adjusted average of daytime hours spent at home,
the fraction of devices taking trips longer than 16 kilometers, the fraction of devices taking
trips less than 2 kilometers, and the average time spent at locations far from home. Each

variable is scaled by the weekday-specific average over January and February prior to the

principal component analysis. See [Atkinson, Dolmas, Koch, Koenig, Mertens, Murphy, and|

for details.El

The aggregate (population-weighted sums over counties) time series movements of these

mobility variables are shown in Figures ] and @l The graphs document a steep plunge in
mobility nationally over the second half of March. Most measures bottomed out in early
April and have shown gradual recovery since then. As of late June, most are at or near their
January — February baseline. Notice that mobility to parks is well above that baseline.

The high level of mobility at parks illustrates an important point to keep in mind when
interpreting movements in these measures of mobility: They are not seasonally adjusted. In
particular, note that the Google Mobility Reports are % changes in mobility relative to a
Jan. 3 — Feb. 6 baseline. January is generally the lowest month of employment in non-
seasonally adjusted data on payroll employment and retail spending, due to typical layoffs
and reduced spending after the December holidays. July is the second lowest month, due
largely to school employees taking off the summer. Thus, one might expect some upward
pressure on mobility, especially employment- and retail-related mobility measures, in the
months after January and some downward pressure in July and August, though it is difficult
to know how large these seasonal factors are given that the mobility data are unavailable for
previous years.

In contrast to the heterogeneity across counties in timing of first COVID-19 cases (Figure
, the plunge in mobility was remarkably synchronous across the country. Figure [5| provides
a histogram showing, for each week from January to the latest week available, how many
counties saw their largest weekly decline in mobility in that week. More than two-thirds
of the roughly 3,000 counties with mobility data (using the MEI) saw their largest drop in
mobility in the second half of March.

2.3 Weather Data

Following (2019), I construct measures of daily weather at the county level from
the Global Historical Climatology Network Daily (GHCN-Daily) data set. The GHCN-

5The data were accessed at https://www.dallasfed.org/~/media/documents/research/mei/MEI_
counties_scaled.csv.
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Figure 4: Dallas Fed Mobility & Engagement Index (MEI) Over Time
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Daily is provided by the U.S. National Climatic Data Center (part of the National Oceanic
and Atmospheric Administration (NOAA)) and contains daily weather measurements from
a little over 4,700 weather stations throughout the United States, though not all stations
provide readings every day. All stations with data on a given date are used for measuring
county weather on that date. The spatial distribution of weather stations is highly correlated
with the spatial distribution of population.

The readings from individual weather stations are used to estimate county-level weather
using an inverse-distance weighting procedure. First, the surface of the conterminous United
States is divided into a 5-mile by 5-mile grid. Second, weather values for each grid point
are estimated using inverse-distance-weighted averages of the weather values from weather
stations within 50 miles of the grid point. See Wilson (2019)) for further details of this
procedure.

This procedure yields the following daily county-level weather variables: maximum tem-
perature (degrees Fahrenheit), minimum temperature, precipitation (mm), and snowfall

(cm).

2.4 Other Data

I obtained data on start- and end-dates of various local non-pharmaceutical interventions
(NPIs) from the Keystone Coronavirus City And County Non-Pharmaceutical Intervention
Rollout Date Dataset.ﬂ Keystone has compiled data for all states and about 600 counties,
including all counties that had at least 100 cases as of April 6, 2020. I use the county level
data for those ~600 counties and state level data for other counties. The data include start-
and end-dates for the following 10 NPIs: social distancing (“social distancing mandate of at
least 6 feet between people” ), shelter in place (“an order indicating that people should shelter
in their homes except for essential reasons” ), prohibition of gatherings above 100, prohibition
of gatherings above 25, prohibition of gatherings above 10, prohibitions of gatherings of any
size, closing of public venues (“a government order closing gathering venues for in-person
service, such as restaurants, bars, and theaters”), closure of schools and universities, closure
of non-essential services and shops, closure of religious gatherings, and full lockdown. I
condense these data into a single variable, the number of NPIs in place in the county on
each date.

Data on population (average daily residents) in nursing homes by county as of June
4, 2020 were obtained from the Centers for Medicaid and Medicare at: https://data.

medicare.gov/Nursing-Home-Compare/Provider-Info/4pg5-n9py.

Shttps://raw.githubusercontent.com/Keystone-Strategy/covidi9-intervention-data/master/
complete_npis_inherited_policies.csv
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3 Methodology

My primary objective is to estimate the causal effects of mobility, which can be influenced
by government policy choices and public opinion, on COVID-19 spread. Simultaneously esti-
mating the causal effects of weather, which is exogenous, on COVID-19 is both a secondary
objective and necessary for obtaining an unbiased estimate of mobility’s effect given that
weather and mobility are likely correlated. Below I describe the econometric methodology

used to achieve these objectives.

3.1 Contemporaneous Effect of Weather on Mobility

I first estimate the contemporaneous effect of weather (w) on mobility (m) using a daily

county panel data model:

My = Wity + Xi¢0 + a; + o + €5 (1)

where 7 indexes counties and ¢ indexes dates. wy is a vector of weather variables, consisting of
daily maximum temperature, precipitation, and snowfall. x; is a vector of control variables,
consisting of COVID-19 case growth (daily new cases divided by total cases) and testing
growth. «; and oy are fixed effects for county and date. The rationale for the inclusion of
these control variables and fixed effects is discussed in the Identification subsection

below.

3.2 Dynamic Effects of Mobility and Weather on COVID-19

Next, I jointly estimate the effects of mobility (m) and weather (w) on subsequent

COVID-19 growth (g) using a panel Local Projections estimator:

1 1

Git+h = Z lﬁh’Tgi,H + Z ﬁh’Tmi,sz + Wi + Xi,t¢h + Oéil + CY? + €itttrn (2)
7=0 7=0

where 4 indexes counties, ¢ indexes time (days for daily regressions and weeks for weekly
regressions), and X; ¢ is a vector of control variables.

I consider two different COVID-19 outcomes (g): growth in cases and growth in deaths.
Growth during a given time period (¢ + h) is defined as the number of new cases (deaths)
recorded during that period divided by the total number of cases (deaths) as of time
t. For instance, case growth during period ¢ + h is calculated as g;,1, = (cases;;in —

cases; 1n—1)/cases;;. Note that this variable is the flow of new cases (deaths) during ¢ + h.
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To additionally estimate effects on cumulative growth of cases or deaths over a given
horizon, I estimate versions of equation [] in which the dependent variable is cumulative
growth (@), defined as the cumulative sum of new cases from ¢ to ¢ 4+ h divided by the total
number of cases (deaths) as of time t: G;4p = (cases; 1n — cases;)/cases; s, and similarly
for deaths.

The local projections method (2005)) traces out an impulse response function
(IRF) by estimating equation [2] sequentially over horizons from h = 1 to some maximum
horizon, H. I estimate IRFs out to H = 10 weeks ahead. The IRF for mobility is traced out
by the sequence of 5™°, while the IRF for any element of the weather vector wy is traced
out by the sequence of its element of the coefficient vector §”.

I estimate IRFs at a weekly frequency, using weekly aggregated data, for three reasons.
First, aggregating the daily data to weekly frequency removes the sizable variation between
weekdays and weekends in the time series of mobility as well as COVID-19 cases and deaths
(apparent in Figures 7 and E[)) Second, there likely is considerable measurement error
at the daily frequency in COVID-19 cases, deaths, and testing due to reporting lags. That
measurement error should largely cancel out with aggregation to the weekly level. Third,
estimating equation 2] is computationally intensive and hence estimating it for daily horizons
from h = 7 to 70 would be extremely time intensive. Nonetheless, for robustness, I also
produce IRF results at the daily frequency for horizons 7, 14,...,70. The results are very

similar to the weekly results, though less precisely estimated.

3.3 Identification

The causal effect of mobility, 8*°, or weather, 6", on COVID-19 cases and deaths is
unlikely to be identified by any simple cross-sectional correlations due to a variety of omitted
variable and reverse causality concerns. [ address these identification concerns through
dynamics, control variables, and fixed effects. In terms of dynamics, equation ] uses leads of
the COVID-19 outcomes as dependent variables to mitigate the potential contemporaneous
reverse causality due to local news about current cases or deaths inducing people to increase
or decrease their social distancing (mobility) behavior. For the same reason, I include both
contemporaneous and a one-week lag of the dependent variable as well as current growth
in testing. Controlling for current testing helps mitigate concerns that public fears (or lack
thereof) about community spread may affect mobility and also be correlated with future
cases and deaths growth because such fears should be reflected in greater demand for tests.

I also include current cases per capita in the set of controls. Cases per capita should be

roughly proportional to the share of the population no longer (or less likely to be) susceptible
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to infection, which is expected to reduce the capacity for future growth in cases (and in turn
deaths)[] When the dependent variable is growth in deaths, I add current case growth as a
regressor. I additionally include a one-week lag of mobility so that 3™° can be interpreted
as the effect of a current “shock” or change in mobility that was not driven simply by its
autoregressive properties.

As the results below will demonstrate, when studying the effect of mobility on COVID-
19, it is important to control for weather. Likewise, when studying the effect of weather on
COVID-19, it is important to control for mobility. As discussed in the introduction, most
COVID-19 studies to date of either weather or mobility have not controlled for the other
factor and could be subject to serious omitted variable bias. Thus, I include both mobility
and weather variables — maximum daily temperature, precipitation, and snowfall — in all
regressions unless otherwise indicated.

The county fixed effects absorb many important known and unknown characteristics
of local communities that can increase COVID-19 transmission and/or lethality. These
time-invariant characteristics include demographics (such as age, gender, and race), socioe-

conomic status, access to healthcare, population density, the presence of nursing homes or

meat-packing plants, and openness to international travelers. Desmet and Wacziarg] (2020))

document the importance of many such time-invariant factors for COVID-19 cases and deaths
among U.S. counties. In Section 5.2} I investigate whether the average “treatment” effect of
mobility on COVID-19 varies across some of these county characteristics.

The time fixed effects are also crucially important. In particular, they will absorb seasonal
factors and any common (i.e., national) time trends. This is particularly important given that
weather, especially temperature and snowfall, obviously has strong trends over the January

to June sample period, and mobility has also trended higher from late March onward.

3.4 Inference

The standard errors and confidence intervals reported in the paper are robust to het-
eroskedasticity and two-way clustering by county and state-by-time (where time is date for
daily regressions and week for weekly regressions). The clustering by county allows for the
possibility that errors, €;+ in equation |I| and €144 in equation |Z|7 are serially correlated.
The clustering by state-time allows for the possiblity that errors are contemporaneously cor-
related across counties within the same state. This clustering will account for cross-county

correlation stemming from unobserved statewide factors such as state economic and public

"The share of the population no longer susceptible to infection is a key variable in epidemiological SIR
models. The level of this share is subject to considerable debate among epidemiologists, but most agree that
it is many (perhaps 10) times larger than known cases per capita.
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health policies. It will also account for geo-spatial correlation in measurement error, for

example in weather data, to the extent such correlation is encompassed by state boundaries.

3.5 Data Sample

All regressions in the paper use the maximum data sample available for the variables used
in that regression, with one restriction. I restrict the sample time period for each county to
begin with the first date on which cases per capita exceeded one per 10,000 persons. This
restriction excludes observations from time and places where the COVID-19 outbreak had
not yet begun. The sample time period varies across regressions depending on the horizon
(in the local projections regressions) and on the availability of the mobility variable used.
For the local projections regressions, the further out the horizon, the fewer the time periods
(t) available for estimation.

Data availability varies across the mobility variables, with the MEI data beginning in
January and the Google Mobility data beginning in mid-February. All variables are available
through late June as of the time of this writing. None of the mobility variables is available
for all counties due to suppression of data (by Safegraph and Google) for counties with fewer
mobile devices to mitigate privacy concerns. The county coverage varies across the Google
mobility measures from about 1,000 counties for time spent at parks to roughly 2,800 for
time spent at work. The MEI data covers about 3,000 counties. (There are 3,140 counties
in the U.S..)

4 Main Results

4.1 Effects of Weather on Mobility

Before presenting the formal regression results, I begin with some non-parametric graph-
ical evidence on the contemporaneous daily relationship between temperature and mobility.
Temperature is the maximum daily high measured in degrees Fahrenheit. The panels in
Figure [] show bin-scatter plots with temperature on the x-axis and mobility on the y-axis.
A bin-scatter plot is a common way to visualize correlations involving a large number of ob-
servations. Each variable is first residualized by regressing on county and date fixed effects.
The x and y variables are then averaged within 100 bins corresponding to each percentile of
the distribution of temperature values. (Hence, bins will be many degrees wide toward the
lower and upper end of the temperature range and somewhat narrower than one degree in the
middle of the range.) In each plot, a quadratic fit line (based on the raw, not binned, data)

is added. These plots show a strong positive relationship between temperature and mobility,
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conditional on county and time fixed eﬂectsﬂ The relationship generally is approximately
linear. The tightness of the fit varies across mobility measures. It is tightest for time spent
at home, at parks, at retail & recreation, and at grocery & pharmacy. It is somewhat weaker
for time spent at work and at transit stations.

Table [] displays the results from estimating equation [I] using alternative measures of
mobility. Each column corresponds to a separate regression and the column heading indicates
which mobility measure is used as the dependent variable. The mobility measures are the
six Google Mobility Report variables (“At...”) and the Dallas Fed Mobility & Engagement
Index (MEI). I multiply the time spent at home measure by -1 to facilitate comparison with
the other measures. It should thus be interpreted as time spent away from home. The
sample time period and number of counties are indicated at the bottom of the table and
vary primarily depending on the availability of the mobility data, as noted in the previous
section. Recall that county*date observations in which cases did not yet exceed one per
10,000 population are excluded, thus each regression uses an unbalanced panel. The weather
variables are interacted with a weekday vs weekend indicator to allow for the possiblity that
weather affects mobility differently on weekdays, when most workers work, than on weekends,
when most workers have off.

The results show a number of clear patterns. First, weekday temperatures have a strong
positive effect on all measures of mobility. Not surprisingly, the effect is strongest, by an
order of magnitude, for time spent at parks. The coefficient of 1.2 (standard error of 0.08)
for parks implies that each degree of higher temperature on a weekday increases mobility at
parks by 1.2 percentage points. (Recall that the Google mobility variables are measured in
percentage change relative to Jan. 3 — Feb. 6.) The weekend temperature effect for parks is
smaller, at 0.7, but still very statistically and economically significant. Weekday temperature
also has a positive and strongly statistically significant effect on the other mobility measures,
though it is quantitatively smaller. The coefficients vary from about 0.06 (for At Work) to
0.16 (for At Grocery & Pharmacy). Second, weekend temperatures have a positive effect
on some mobility measures (parks, retail & recreation, grocery & pharmacy) but a negative
effect on others (work, transit, home, and MEI). The negative effect, which is especially
strong for At Work, may reflect that some workers with flexibility regarding weekend work
may opt to choose leisure over work on weekends with pleasant weather (and/or on hot
days when outside work is less pleasant). Third, precipitation has a strong negative effect
on mobility. This is true for all measures of mobility, though as with temperature, the

effect is largest for time spent at parks. The negative effect is true for precipitation on both

8Results for MEI are shown in Appendix Figure The relationship is also strongly positive on average
though it peaks around 70° F and turns negative above that.
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Figure 6: Relationship Between Temperature and Mobility
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Table 1: Effect of Weather on Mobility

O] (2) (3) 4) (%) (6) (M)
At Home (Inverted) At Work At Transit At Parks At Retail & Rec At Grocery & Pharmacy MEI

Max Daily Temp — Weekday 0.0669"** 0.0564"** 0.127 1.207 0.148"* 0.156™* 0.102*
(0.00322) (0.00561) (0.0136) (0.0779) (0.0130) (0.0112) (0.0149)
Max Daily Temp — Weekend -0.0190*** -0.0514**  -0.0347* 0.700* 0.0889*** 0.133 -0.0515*
(0.00617) (0.0104) (0.0205) (0.0967) (0.0176) (0.0179) (0.0241)
Precipitation — Weekday -0.0193* -0.00574  -0.0438***  -0.445"** -0.0273* -0.0326** -0.101***
(0.00298) (0.00370)  (0.00782)  (0.0626) (0.00942) (0.00832) (0.0118)
Precipitation — Weekend -0.0491* -0.0485**  -0.140***  -0.834*** -0.0839*** -0.0946*** -0.1737
(0.00704) (0.0103) (0.0212) (0.130) (0.0196) (0.0204) (0.0266)
Snowfall — Weekday -0.0827* -0.107* -0.299"*  -1.288"* -0.338"** -0.350"* -0.0936
(0.0352) (0.0418) (0.103) (0.296) (0.0908) (0.0884) (0.127)
Snowfall — Weekend -0.329"** -0.579*  -1.1377* -3.201%** -0.715"** -0.573* -1.210"
(0.0708) (0.134) (0.253) (0.927) (0.187) (0.239) (0.250)
Cases Growth 0.000500 0.00245"*  0.000112 -0.0175* -0.00504*** 0.00411** -0.00328*
(0.000445) (0.000635)  (0.00241)  (0.0105) (0.00159) (0.00165) (0.00177)
Testing Growth -0.0303* -0.0204 0.000301 -0.398 -0.182* 0.0371 -0.578"
(0.0156) (0.0286) (0.0614) (0.293) (0.0796) (0.0642) (0.0855)
Observations 96841 197064 82194 51545 128825 118581 214134
Adjusted R? 0.919 0.884 0.841 0.656 0.843 0.756 0.874
Earliest date 29feb2020 29feb2020  29feb2020  29feb2020 29feb2020 29feb2020 29feb2020
Latest date 23jun2020 23jun2020  23jun2020 23jun2020 23jun2020 23jun2020 20jun2020
# of days 116 116 116 116 116 116 113
# of counties 1308 2532 1060 854 2083 2006 2705

*p <0.10,** p <0.05, *** p < 0.01

weekdays and weekends, though it larger for weekends. This likely reflects that common
weekend activities, like going to parks, going out to eat, going retail shopping, and going
grocery shopping are less appealing when it is raining. Finally, snowfall, like rain, also has
a strong negative effect on mobility, with larger effects on weekends. Again, the effect is
largest for time spent at parks. Each centimeter of snowfall reduces mobility at parks by
3.2 percentage points.

Overall, Table [ makes clear that weather and mobility are highly correlated and thus
omitting either factor when studying the COVID-19 effects of the other is likely to result in

substantial omitted variable bias.

4.2 Dynamic Impacts of Weather on COVID-19

I now turn to jointly estimating the impulse response functions (IRFs) of mobility and
weather on COVID-19 cases and deaths using the local projections estimator described above
(equation . As mentioned earlier, I estimate the IRF's at the weekly frequency on weekly-
aggregated data in order to smooth over the day-of-week variability and high-frequency
measurement error and also to reduce computational burden. The dependent variables are
h-weeks ahead growth in cases and deaths, for h = 1 to 10 weeks. Recall that growth is

defined as new cases (deaths) during week ¢ + h relative to total cases (deaths) as of week ¢.
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I begin by discussing the estimated IRFs with respect to weather shocks. The results
for case growth are presented in Figure [7] The point estimates are shown with the circles,
while the inner and outer brackets display the 90 and 95% confidence intervals, respectively.
The regressions underlying the panels on the left (a, ¢, and e) omit mobility, while those on
the right (b, d, and f) include the mobility away from home measure. Comparing panels
(a) and (b), which display the estimated IRF of temperature on subsequent COVID-19 case
growth, clearly demonstrates the bias that occurs from omitting mobility. When mobility is
omitted, temperature appears to have a positive and increasing effect on COVID-19 cases.
When mobility is held fixed, temperature is found to have a significant negative effect on
COVID-19 cases 3 to 6 weeks ahead.

The peak coefficient on temperature is approximately -0.026 at 4 weeks ahead, with
a 95% confidence interval of -0.014 to -0.038. This coefficient implies that a one degree
warmer temperature during a week lowers growth in COVID-19 cases 4 weeks later by 0.026
percentage points. Evaluated at mean COVID-19 case growth (0.67) and mean daily high
temperature (~ 62°), this implies an elasticity of about 2.4. In other words, a 10% increase
in daily high temperature for a week from 62.0° to 68.2° would predict a 24% decrease in
case growth four weeks later from 0.67% to 0.51% (holding mobility and the other regressors
fixed).

Precipitation and snowfall are found to have significant effects on case growth at some
horizons when mobility is omitted. Yet, the effects become statistically insignificant (or
imprecise and weakly significant in the case of snowfall 10 weeks ahead) once mobility is
controlled for.

The analogous weather results for growth in COVID-19 deaths are shown in Figure [§
For deaths, the results for weather are less dependent on controlling for mobility, though one
can still see evidence of positive bias in the effects of temperature when mobility is omitted.
When controlling for mobility, temperature has a negative and statistically significant effect
on growth in deaths starting two weeks ahead and continuing for at least 10 weeks. Thus,
the beneficial effect of temperature is much longer lasting for COVID-19 deaths growth than
for cases growth. This result is likely explained by the fact that COVID-19 deaths have
been shown to lag cases by one to four weeks. I find no effect of precipitation or snowfall on
deaths growth at any horizon.

In sum, holding mobility fixed, temperature is found to have a negative and significant
direct effect on COVID-19 cases for up to 6 weeks ahead and on deaths for at least 10 weeks
ahead, while precipitation and snowfall have no consistent significant effects. It should be
noted, however, that these results are based on a single measure of mobility, time spent away

from home. As discussed in the next subsection, the negative and statistically significant
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Figure 7: Dynamic Impacts of Weather on COVID-19 Case Growth — Weekly

Impulse Response Functions Estimated by Panel Linear Projections
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Figure 8: Dynamic Impacts of Weather on COVID-19 Deaths Growth — Weekly

Impulse Response Functions Estimated by Panel Linear Projections
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effect of temperature is not robust across all measures of mobility (at least for case growth)

and thus should be viewed with some caution.

4.3 Dynamic Impacts of Mobility on COVID-19

I now arrive at the central results of the paper, the estimated impulse response functions
for COVID-19 cases and deaths with respect to mobility shocks. These IRF's are the sequence
of A" from estimating equation [2f by OLS for each weekly horizon from h = 1 to 10 weeks
ahead. The IRFs are estimated separately for each of the alternative measures of mobility.
The results for case growth are plotted in Figure [J] They reveal two general findings.
First, overall mobility, as measured by time spent away from home, has a large positive and
significant effect on case growth from approximately 2 weeks ahead to 8 weeks ahead. The
peak effect occurs 4 to 6 weeks ahead, with a coefficient of about 0.25. That magnitude
implies that a 1 percentage point increase (decrease) in mobility results in a 0.25 percentage
point increase (decrease) in case growth. Evaluated at sample means, this effect implies an
elasticity of 5.11, meaning that a 10% increase in mobility raises cases growth 4 weeks ahead
by 51%.

Second, the effect of mobility on case growth varies considerably across specific types of
mobility. The effects are large and statistically significant for time spent at workplaces, at
retail & recreation, and at parks. The effect for time spent at parks is particularly notable
given the concerns raised recently by public officials about potential surges in COVID-19
stemming from crowded parks and beaches around Memorial Day in many parts of the
U.S.. The effect of time spent at transit stations and at grocery & pharmacy is small and
statistically insignificant.

The IRFs of mobility shocks for growth in COVID-19 deaths are shown in Figure [I0}
As with cases, overall mobility, measured by time spent away from home, has a positive,
statistically significant, and transitory effect on growth in deaths (see panel (a)). Not sur-
prisingly, the peak effect of mobility on deaths occurs later than the peak effect on cases.
For time spent away from home, the peak on deaths occurs 10 weeks ahead, though it is not
statistically significant after 9 weeks. Recall that for cases the peak was found to be between
4 and 6 weeks. As with cases, I also find significant positive effects on deaths of mobility for
time spent at workplaces, at retail & recreation, and at parks (though it is not statistically
significant at all horizons) — again with peak effects later than for cases. However, in contrast
to the results for cases, I also find significant positive effects on deaths for transit stations
and for pharmacy & grocery.

The full regression results underlying these IRF's are provided, for a single selected hori-
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Figure 9: Dynamic Impacts of Mobility on COVID-19 Case Growth — Weekly

Impulse Response Functions Estimated by Panel Linear Projections
Mobility Measured by Google Mobility Reports
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Figure 10: Dynamic Impacts of Mobility on COVID-19 Deaths Growth — Weekly

Impulse Response Functions Estimated by Panel Linear Projections
Mobility Measured by Google Mobility Reports
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Table 2: OLS Estimates of Effect on 4-Week Ahead Cases Growth

1) 2) ®3) (4) [G) (6) (7)
At Home (Inv.) At Work At Transit At Parks At Retail & Rec At Grocery & Pharmacy MEIL

Mobility 0.244™ 0.0850***  0.000666  0.00194* 0.0197* 0.00104 0.00672
(0.0710) (0.0196)  (0.00395)  (0.00102) (0.0114) (0.00984) (0.00526)
L.Mobility 0.0479 0.0404* 0.00698  0.000238 -0.0154 -0.00307 0.00647
(0.0647) (0.0232)  (0.00479)  (0.00124) (0.0118) (0.0108) (0.00798)
Cases Growth Rate -0.0233 -0.0452**  -0.0137 0.0187 -0.0232* -0.0199 -0.0462***
(0.0175) (0.0129) (0.0144) (0.0175) (0.0136) (0.0141) (0.0119)
L.Cases Growth Rate 0.0273 0.00595 0.00316  0.000409 0.0153 0.0170 0.00644
(0.0220) (0.00461)  (0.00458)  (0.00488) (0.0112) (0.0129) (0.00396)
Testing Growth Rate 0.240 1.351 4.702 6.729** 0.0618 -0.551 1.988
(2.465) (1.926) (3.126) (2.817) (2.238) (2.394) (1.964)
Cases Per Capita -380.9"** =377 -297.0 -197.27 -379.8" -424.3" -393.3"*
(95.19) (57.00) (55.57) (50.41) (82.78) (95.09) (50.71)
Max Daily Temp -0.0259* -0.00523  -0.00772  -0.00794* -0.00782 -0.00254 -0.00103
(0.00610) (0.00551)  (0.00559)  (0.00437) (0.00515) (0.00528) (0.00510)
Precipitation -0.00662 -0.0163**  -0.0159**  -0.00159 -0.00963* -0.0146** -0.0201***
(0.00518) (0.00543)  (0.00682)  (0.00555) (0.00537) (0.00590) (0.00579)
Snowfall 0.0211 0.0185 -0.0622 -0.0251 -0.0462 -0.0187 -0.0136
(0.0538) (0.0452) (0.0551) (0.0448) (0.0439) (0.0424) (0.0477)
Observations 10830 20378 8759 6429 12899 11879 21464
Adjusted R? 0.145 0.175 0.153 0.123 0.134 0.129 0.165
Dep. Variable Mean 0.667 0.698 0.680 0.637 0.688 0.707 0.693
Mobility Mean -13.949 -32.992 -23.406 19.499 -24.263 -3.301 -63.189
Elasticity at means 5.11 4.02 .02 .06 .690 0 .61

*p <010, p<0.05,** p <001

zon, in Tables [ and 3] Table [ shows the results for cases growth 4 weeks ahead and Table
shows the results for deaths growth 6 weeks ahead. Beyond the results for mobility already
discussed, one can see here that current cases per capita strongly predicts lower subsequent
case growth. This finding is consistent with the notion that cases per capita proxies for the
share of the population no longer (or less likely to be) susceptible to infection; as this share
rises, the capacity for future cases falls. I also find current case growth tends to negatively
predict future case growth, though the effect is not consistently significant across specifi-
cations with different mobility measures. Current testing growth tends to have a positive
coefficient, but it is only statistically significant in 1 of the 7 specifications.

The results are qualitatively similar for future deaths growth (Table [3)), though growth
of cases and testing both have larger and more statistically significant effects while cases per
capita’s effect is smaller.

The coefficients on temperature in Tables ] and [J also warrant some discussion. The
temperature coefficient in each table for the specification measuring mobility by time spent
away from home — column 1 — corresponds to the IRF at h = 4 in panel (b) of Figure El
for cases growth and at h = 6 in panel (b) of Figure [§ for deaths growth. The tables show
that the statistically significant negative effect of temperature on cases is not robust across

specifications using different measures of mobility, suggesting the evidence on temperature’s
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Table 3: OLS Estimates of Effect on 6-Week Ahead Deaths Growth

5y @ ® @ ® © @
At Home (Inv.) At Work At Transit At Parks At Retail & Rec At Grocery & Pharmacy MEI
Mobility 0.348"* 0.124** 0.0275*  0.00582* 0.0522%** 0.0454** 0.0355%**
(0.105) (0.0426)  (0.0115)  (0.00327) (0.0153) (0.0216) (0.0121)
L.Mobility 0.181 0.0625 -0.00314  0.00488 0.0119 -0.000318 0.0252*
(0.110) (0.0438)  (0.0119)  (0.00396) (0.0157) (0.0134) (0.0141)
Deaths Growth Rate -0.00863 0.00494 -0.0125 -0.0152 -0.00913 -0.00770 0.00324
(0.0213) (0.0164)  (0.0264)  (0.0312) (0.0205) (0.0210) (0.0167)
L.Deaths Growth Rate 0.00366 0.00154 0.00384 0.00618* 0.00341 0.00357 0.00173
(0.00230)  (0.00159)  (0.00311)  (0.00343) (0.00211) (0.00229) (0.00158)
Cases Growth Rate 0.0806** 0.0644* 0.115*** 0.148* 0.0812** 0.0791** 0.0672***
(0.0353) (0.0214)  (0.0421)  (0.0599) (0.0328) (0.0354) (0.0215)
Testing Growth Rate 33.61" 28.44** 36.39"** 40.39** 33.81%** 34.49** 29.89**
(10.36) (9.355) (11.35) (12.25) (10.40) (10.68) (9.476)
Cases Per Capita -147.3* -57.07 -140.3** -174.9* -139.3** -158.4* -60.41*
(64.68) (37.04) (67.48) (86.10) (64.16) (66.49) (35.23)
Max Daily Temp -0.0397*** -0.0264*  -0.0276*  -0.0370** -0.0259* -0.0356* -0.0246*
(0.0152) (0.0130)  (0.0166)  (0.0185) (0.0151) (0.0156) (0.0128)
Precipitation 0.00200 -0.00147  0.00309 0.00157 -0.00251 0.00225 0.00313
(0.0113) (0.00915)  (0.0133)  (0.0146) (0.0114) (0.0107) (0.00890)
Snowfall 0.0669 -0.00117 0.00215 -0.0167 0.0242 0.0112 -0.00225
(0.0843) (0.0644)  (0.0780)  (0.0874) (0.0771) (0.0708) (0.0662)
Observations 5434 7414 4422 3730 5865 5578 7506
Adjusted R? 0.100 0.072 0.083 0.102 0.089 0.085 0.073
Dep. Variable Mean 0.684 0.552 0.765 0.863 0.655 0.678 0.548
Mobility Mean -15.346 -36.804 -29.378 15.236 -29.342 -6.247 -73.172
Elasticity at means 7.81 8.24 1.06 1 2.34 .42 4.74

“p <010, p < 0.05,** p< 0.0l
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negative effect on cases should be viewed with some caution. Temperature has a more robust
negative effect on growth in deaths, as can be seen in Table [3

As noted in Section 3.2} one can also estimate the dynamic effects of mobility on cumula-
tive growth in cases or deaths out to any given horizon. Tables ] and [§] report the effects of
current mobility and other variables on cumulative growth in cases and deaths, respectively,
over the subsequent 8 weeks. 90% confidence intervals are shown below each coefficient.
The 8-week ahead cumulative effect is positive in all regressions. For cumulative growth
in deaths, it is statistically significant (below the 10% level) for all measures of mobility
except parks and grocery & pharmacy. For cumulative growth in cases, it is significant for
mobility measured by time spent away from home, by time spent at work, and by the MEI.
The effects of mobility are, in general, quantitatively large. In particular, the coefficient on
time spent away from home in Table [] of 2.440 implies that a one percentage point increase
(decrease) in that mobility measure leads to an increase (decrease) in cumulative case growth
over the subsequent 8 weeks of about 2.4 percentage points, or about one-third of average
8-week case growth in the sample of 7.1% (shown at the bottom of the table). The lower
bound of the 90% confidence interval is 1.657, implying an effect on 8-week case growth of
23% of its sample average. The effect magnitudes, expressed as elasticities, are shown at the
bottom of the table. For example, the 0.244 coefficient implies an elasticity of 5.6, implying
that a 10% increase in mobility leads to 56% higher cumulative case growth 8 weeks ahead.
The elasticities are even higher for cumulative deaths growth (Table . For instance, the
elasticity with respect to time spent away from home is found to be 8.7.

Lastly, it is interesting to consider the adjusted-R?’s, shown at the bottom of the tables.
The regressors in the model, including the county and week fixed effects, explain only as
much as 16% of the variation in subsequent 8 weeks cumulative case growth and as much
as 15% of variation in subsequent 8 weeks cumulative deaths growth. In other words, 84
to 85% of the variation in these COVID-19 outcomes is not readily explainable by time-
invariant county characteristics, common national time-varying factors, current case and
testing growth, current cases per capita, weather, and mobility.

In sum, overall mobility is found to have a large positive effect on subsequent growth
in COVID-19 cases and deaths. The effects become significant around 2 weeks ahead and
persist through around 8 weeks for cases and around 10 weeks for deaths. The peak effect
occurs 4 to 6 weeks ahead for cases and around 8 to 9 weeks ahead for deaths. Looking
across subcategories of mobility, the effects are clearest for time spent at workplaces and
retail & recreation, though there is also evidence of an adverse effect on deaths growth for

mobility at transit stations, at grocery & pharmacy, and at parks.
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Table 4: Estimates of Cumulative Effect on Cases Growth over Subsequent 8 Weeks
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O (2) (3) 4) ®) (6) (7)
At Home (Inv.) At Work At Transit At Parks At Retail & Rec At Grocery & Pharmacy MEI
Mobility 2.440* 1115 0.00809 0.0208 0.0932 -0.0306 0.114*
[1.657,3.224] [0.864,1.366]  [-0.0608,0.0770]  [-0.00350,0.0452] [-0.00731,0.194] [-0.163,0.101] 0.00646,0.221]
L.Mobility 0.640 0.266 0.0975* 0.00175 -0.132 0.0394 0.0384
[-0.100,1.381] [0.0575,0.589]  [0.00349,0.191]  [-0.0242,0.0277]  [-0.274,0.00924] [-0.0966,0.175] [-0.0636,0.141]
Cases Growth Rate -0.130 -0.245" -0.103 0.0948 -0.151* -0.123 -0.234**
[-0.279,0.0192] [-0.376,-0.115] [-0.268,0.0610] [-0.104,0.294] [-0.291,-0.0119] [-0.264,0.0176] [-0.368.,-0.101]
L.Cases Growth Rate 0.0804* 0.0299* 0.0409 -0.0174 0.0556* 0.0586* 0.0286**
[0.00355,0.157]  [0.00702,0.0527]  [-0.00462,0.0864]  [-0.0646,0.0297] [0.00701,0.104] [0.00405,0.113] [0.00927,0.0480]
Testing Growth Rate 1043 13.40 29.41 45.71% 9.052 5.724 17.13
[16.2637.11]  [6.237,33.04]  [-3.865,62.69] [15.91,75.50] [-15.21,33.32] [-21.30,32.75] [-3.830,38.09]
Cases Per Capita -2011.3** -2363.8 -1945.8* -1170.9** -2570.8** -2235.3"" -2567.5*
[-2019.4-1103.2] [-3056.2,-1671.4] [-2839.4-1052.1] [-1933.7,-408.1] [-3439.6-1702.1] [-3143.1,-1327.5] [-3265.1.-1869.9]
Max Daily Temp -0.173* 0.0356 -0.0943 -0.0419 -0.000749 -0.0131 0.0473
[0.275-0.0716]  [-0.0320,0.103]  [0.195,0.00603]  [-0.117,0.0328]  [-0.0878.0.0863] [:0.106,0.0795] [:0.0207,0.115]
Precipitation 0.0827 0.00868 -0.0323 0.0249 -0.0232 -0.00414 -0.0853
[-0.0224.0.188]  [-0.0730,0.0003]  [0.152,0.0872]  [0.0978,0.148]  [0.119,0.0725] [:0.102,0.0939] [-0.175,0.00431]
Snowfall -0.0809 0.413 -0.377 -0.0737 -0.0624 -0.171 0.389
[-0.613,0.452] [-0.297,1.123] [-0.968,0.215] [-0.539,0.392] [-0.511,0.386] [-0.693,0.352] [-0.359,1.138]
Observations 5949 10904 4981 3897 7066 6541 11361
Adjusted R? 0.136 0.164 0.089 0.073 0.127 0.085 0.137
Dep. Variable Mean 7.111 7.386 7.356 6.707 7.292 7.345 7.390
Mobi Mean -16.203 -36.998 -30.324 5.358 -33.241 -9.251 -76.487
Elasticity at means 5.56 5.58 .03 .02 43 -.04 118

* p <0.10,** p <0.05, *** p < 0.01
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Table 5: Estimates of Cumulative Effect on Deaths Growth over Subsequent 8 Weeks

) ) ® @ 5] © ™
At Home (Inv.) At Work At Transit At Parks At Retail & Rec At Grocery & Pharmacy MEI
Mobility 3.762% 1.583% 0.223* 0.0550 0.481%* 0.318 0.382***
[1.495,6.029] 0.649,2.518] [0.0203,0.425]  [-0.00918,0.119]  [0.181,0.780] [-0.0619,0.697] 0.180,0.584]
L.Mobility 3.221% 0.868* -0.0000722 0.0451 0.123 0.0279 0.375**
0.827,5.614] [0.0564,1.680]  [-0.196,0.196]  [-0.0234,0.114]  [-0.208,0.454] [-0.191,0.247] [0.0826,0.668)]
Deaths Growth Rate -0.0565 0.0309 -0.107 -0.117 -0.0669 -0.0516 0.00765
[-0.340,0.227] [-0.197,0.259] [-0.446,0.231]  [-0.5120.277]  [-0.341,0.207] [-0.331,0.228] [-0.226,0.241]
L.Deaths Growth Rate 0.0252 0.00994 0.0286 0.0460* 0.0266* 0.0248 0.0114
[-0.00212,0.0526]  [-0.00930,0.0202]  [-0.00647,0.0637] [0.00744,0.0846] [0.00132,0.0519] [-0.00235,0.0519] [-0.00799,0.0308)]
Cases Growth Rate 0.791** 0.661* 1.064™ 1.407 0.812** 0.818** 0.674*
0.184,1.398) 0.254,1.068) 0.337,1.791) 0.399,2.415) 0.216,1.408) 0.177,1.459] 0.250,1.097)
Testing Growth Rate 223.9"** 198.1%* 250.4** 270.0"* 234.3"* 240.4*** 215.2"*
[113.4,334.5) [92.45,303.8) [124.3,376.5] [136.0,404.0] [118.5,350.1] [119.2,361.7) [106.7,323.8]
Cases Per Capita -1649.3** -1062.2** -2065.0*** -2183.7* -1822.4* -2060.2*** -1140.7**
[-2763.5.-535.1]  [-1837.7-286.7)  [-3309.8-820.2]  [-3526.9,-840.6]  [-2983.2,-661.7] [-3269.9.-850.4] [-1927.3.-354.2]
Max Daily Temp -0.519** -0.305* -0.319* -0.437+ -0.292* -0.377* -0.320%
[-0.806.-0.231]  [-0.524,-0.0857]  [0.590,-0.0475]  [-0.723,-0.150]  [-0.525.-0.0588] [-0.630,-0.124] [-0.532,-0.108]
Precipitation 0.101 0.101 -0.0373 -0.00683 -0.0507 0.0198 0.0377
[0.119.0.320]  [-0.0807,0.284]  [-0.324,0.250] [-0.306,0.202]  [-0.301,0.199] [-0.199.0.239] [-0.147,0.222]
Snowfall 0.0160 -0.352 -0.0735 -0.286 0.0405 -0.165 -0.207
[-1.118,1.150] [-1.194,0.490] [1.162,1.015]  [-1.467,0.895]  [-1.003,1.084] [-1.137,0.723]
Observations 3500 4636 2905 2564 3786 4692
Adjusted R? 0.148 0.112 0.118 0.141 0.123 0.109
Dep. Variable Mean 7.256 5.972 8.054 8.695 6.906 5.930
Mobility Mean -16.771 -40.198 -34.146 8.432 -34.570 -81.850
Elasticity at means 8.70 10.66 940 .05 2.41 5.27

“p <010, p < 0.05,** p< 0.0
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5 Extensions

5.1 The Role of Public Health Policies

To the extent that public health policies, generally known as non-pharmaceutical inter-
ventions (NPIs), affect COVID-19 outcomes, their effects are likely to work primarily through
the channel of affecting individuals’ mobility /social-distancing behavior. Indeed, I find that
the number of NPIs in place in a county (or state of the county where county NPI data is
unavailable) has a strong reducing effect on mobility when estimating equation [I| with the
number of NPIs added as a regressor. This is shown in Table [§, which provides the results
from daily panel fixed effects regressions of each measure of mobility on the number of local
NPIs in place as well the set of control variables used previously. I find that NPIs have a pos-
itive and significant effect on all measures of mobility. Indeed, it is clear to BOTH weather
and policy interventions have large separate influences on mobility. However, it is possible
that they have additional effects through other channels such as encouraging people to wash
their hands, wear masks, and stay physically distant from others even when spending time
in public places. Also, empirically, NPIs could be found to have direct effects on COVID-19
outcomes if mobility is incompletely measured.

I assess the effects of NPIs, holding measured mobility fixed, by adding the number of
local NPIs in place as of date ¢ to the estimations of equation [ using cumulative growth
in cases or deaths as the dependent variable. The results are shown in Tables []] and [§
Consistent with the hypothesis that NPIs work entirely through the mobility channel, I
find that NPIs have no significant effect on COVID-19 cases growth or deaths growth when
the most relevant measures of mobility are included in the regression. In particular, NPIs
have only a weakly significant effect in two of the seven specifications. In the regressions
for cumulative deaths growth (Table , mobility has a significant effect in all specifications
while NPIs are insignificant in all specifications. It is also worth noting that, comparing the
results in Tables [7] and [§ to the analogous results in Tables ] and [5] which omit NPIs, the
coefficients on mobility are virtually unchanged by including NPIs. Lastly, note that the
adjusted-R?’s are virtually unaffected by including NPIs.

In sum, it appears that the impact of public health NPIs works entirely through affecting

individual mobility behavior.

5.2 Heterogeneous Mobility Effects

Lastly, I investigate possible heterogeneity in the average treatment effect of mobility on

COVID-19 outcomes. I consider heterogeneity across several dimensions: the timing of their
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Table 6: Effect of Non-Pharmaceutical Interventions on Mobility

1) 2 (3) (4) (5) (6) Q]
At Home (Inverted) At Work At Transit At Parks At Retail & Rec At Grocery & Pharmacy MEI
Number of NPIs in place (out of 10) -0.191* -0.374%* -0.7127 -1.509** -0.883*** -0.664* -0.448"*
(0.0216) (0.0388)  (0.118)  (0.511) (0.103) (0.0911) (0.106)
Max Daily Temp — Weekday 0.0640*** 0.0511** 0.121*+ 1.191%+ 0.135*** 0.148** 0.0948***
(0.00322) (0.00571)  (0.0135)  (0.0779) (0.0128) (0.0109) (0.0150)
Max Daily Temp — Weekend -0.0214** -0.0568** -0.0391* 0.690** 0.0814*** 0.128* -0.0579**
(0.00623) (0.0105)  (0.0203)  (0.0959) (0.0172) (0.0176) (0.0244)
Precipitation — Weekday -0.0196** -0.00653*  -0.0438"*  -0.442** -0.0267* -0.0337* -0.101**
(0.00303) (0.00376)  (0.00798)  (0.0626) (0.00930) (0.00840) (0.0120)
Precipitation — Weekend -0.0483*** -0.0445"  -0.138"** -0.828"* -0.0742*** -0.0868*** -0.167*
(0.00667) (0.00997)  (0.0203) (0.127) (0.0185) (0.0195) (0.0265)
Snowfall — Weekday -0.0844** -0.113** -0.294** -1.283* -0.346*** -0.351%* -0.102
(0.0347) (0.0408) (0.0992) (0.299) (0.0904) (0.0863) (0.126)
Snowfall — Weekend -0.322"** -0.569** -1.115% -3.186** -0.700*** -0.564" -1.198"*
(0.0693) (0.133)  (0.257)  (0.921) (0.182) (0.237) (0.249)
Cases Growth 0.000579 0.00246***  -0.000208  -0.0183* -0.00492++* 0.00418** -0.00310*
(0.000443) (0.000630)  (0.00243)  (0.0106) (0.00159) (0.00168) (0.00180)
Testing Growth -0.0255* -0.00543 0.00533 -0.437 -0.152* 0.0812 -0.566**
(0.0144) (0.0269)  (0.0604)  (0.290) (0.0790) (0.0593) (0.0864)
Observations 94179 192141 80563 51445 125224 115410 209196
Adjusted R? 0.920 0.884 0.842 0.657 0.846 0.759 0.873
Earliest date 29febh2020 29feb2020  29feb2020  29feb2020 29feb2020 29feb2020 29feb2020
Latest date 23jun2020 23jun2020  23jun2020  23jun2020 23jun2020 23jun2020 20jun2020
# of days 116 116 116 116 116 116 113
# of counties 1265 2474 1037 850 2032 1956 2646

“p <010, p<0.05, """ p<0.01
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Table 7: OLS Estimates of Effect on 4-Week Ahead Cases Growth

Controlling for Number of Local Non-Pharmaceutical Interventions in Place

m ® ® o ® © @
At Home (Inv.) At Work At Transit At Parks At Retail & Rec At Grocery & Pharmacy MEI
Mobility 0.267* 0.0874*** 0.0000754  0.00192* 0.0201 0.000465 0.00707
(0.0786) (0.0202)  (0.00399)  (0.00102) (0.0127) (0.0104) (0.00554)
L.Mobility 0.0534 0.0410* 0.00676 0.000140 -0.0163 -0.00342 0.00635
(0.0654) (0.0234)  (0.00488)  (0.00124) (0.0123) (0.0110) (0.00802)
Cases Growth Rate -0.0245 -0.0455** -0.0144 0.0186 -0.0236* -0.0207 -0.0463"
(0.0180) (0.0131)  (0.0148) (0.0175) (0.0139) (0.0144) (0.0121)
L.Cases Growth Rate 0.0277 0.00598 0.00308  -0.0000288 0.0154 0.0171 0.00645
(0.0223) (0.00469)  (0.00461)  (0.00490) (0.0114) (0.0131) (0.00403)
Testing Growth Rate 0.259 1.514 4.910 6.763** 0.202 -0.355 2.251
(2.560) (1963)  (3.149)  (2810) (2.295) (2.467) (2.010)
Cases Per Capita -381.9"* -377.37 -296.3* -195.8*** -380.1* -425.17 -393.47+*
(95.84) (57.11)  (55.75)  (50.28) (83.31) (95.92) (50.78)
Max Daily Temp -0.0263** -0.00401 -0.00750 -0.00798* -0.00736 -0.00209 -0.000591
(0.00617)  (0.00555)  (0.00560)  (0.00443) (0.00514) (0.00526) (0.00507)
Precipitation -0.00553 -0.0157*  -0.0163" -0.00179 -0.00948* -0.0148* -0.0200%
(0.00536)  (0.00549)  (0.00683)  (0.00554) (0.00544) (0.00595) (0.00587)
Snowfall 0.0300 0.0229 -0.0610 -0.0280 -0.0463 -0.0189 -0.0132
(0.0563) (0.0455)  (0.0551)  (0.0448) (0.0455) (0.0436) (0.0477)
# of NPIs in place 0.0256 -0.00177 -0.0660" -0.0474* -0.0313 -0.0334 -0.0324
(0.0403) (0.0283)  (0.0343) (0.0266) (0.0402) (0.0371) (0.0277)
Observations 10505 19922 8584 6414 12548 11575 20997
Adjusted R? 0.146 0.175 0.154 0.124 0.134 0.129 0.166
Dep. variable mean 0.677 0.705 0.688 0.636 0.697 0.718 0.698
Mobility mean -13.970 -33.020 -23.711 19.472 -24.549 -3.440 -63.203
Elasticity at means 5.5 4.09 0 .06 71 0 .64

*p <0.10, ** p <0.05, *** p < 0.01
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Table 8: OLS Estimates of Effect on 6-Week Ahead Deaths Growth

Controlling for Number of Local Non-Pharmaceutical Interventions in Place

) ® ® @ ® © @
At Home (Inv.) At Work At Transit At Parks At Retail & Rec At Grocery & Pharmacy MEI
Mobility 0.364** 0.123** 0.0263** 0.00584* 0.0515"** 0.0458** 0.0349***
(0.106) (0.0419)  (0.0112)  (0.00329) (0.0155) (0.0218) (0.0123)
L.Mobility 0.183 0.0614 -0.00365  0.00491 0.0117 -0.00169 0.0250*
(0.113) (0.0444)  (0.0123)  (0.00397) (0.0162) (0.0138) (0.0142)
Deaths Growth Rate -0.00832 0.00509 -0.0130 -0.0151 -0.00933 -0.00781 0.00313
(0.0218) (0.0167)  (0.0267)  (0.0312) (0.0209) (0.0214) (0.0170)
L.Deaths Growth Rate 0.00375 0.00156 0.00393 0.00620* 0.00342 0.00368 0.00175
(0.00236) (0.00162)  (0.00313)  (0.00344)  (0.00217) (0.00236) (0.00162)
Cases Growth Rate 0.0834** 0.0663*** 0.118** 0.148** 0.0833** 0.0803** 0.0694***
(0.0364) (0.0218)  (0.0430)  (0.0597) (0.0337) (0.0361) (0.0219)
Testing Growth Rate 33.72% 28.74*** 36.41%* 40.40%* 33.95" 34.79* 30.12%
(10.40) (9.402) (11.35) (12.24) (10.45) (10.71) (9.514)
Cases Per Capita -146.2* -56.65 -136.4* -172.7 -138.4* -156.4* -59.86*
(64.95) (36.55) (67.61) (86.26) (64.34) (66.64) (34.79)
Max Daily Temp -0.0408*** -0.0265**  -0.0271  -0.0371* -0.0262* -0.0361** -0.0250%
(0.0156) (0.0133)  (0.0170)  (0.0188) (0.0153) (0.0161) (0.0130)
Precipitation 0.00375 -0.000785  0.00107  0.000350 -0.00247 0.00141 0.00296
(0.0118) (0.00926)  (0.0135)  (0.0149) (0.0118) (0.0109) (0.00925)
Snowfall 0.0629 -0.00393  0.00155 -0.0163 0.0213 0.00813 -0.00535
(0.0835) (0.0646)  (0.0790)  (0.0883) (0.0769) (0.0711) (0.0664)
# of NPIs in place 0.00262 -0.0417 -0.0939 -0.0567 -0.0262 -0.0613 -0.0388
(0.0614) (0.0492)  (0.0724)  (0.0859) (0.0582) (0.0627) (0.0486)
Observations 5309 7265 4357 3720 5739 5473 7349
Adjusted R* 0.101 0.073 0.084 0.102 0.089 0.085 0.074
Dep. variable mean 0.696 0.559 0.774 0.865 0.664 0.687 0.553
Mobility mean -15.368 -36.882 -29.649 15.190 -29.570 -6.378 -73.267
Elasticity at means 8.029999999999999 8.14 1.01 1 2.29 43 4.62

“p <010, " p < 0.05,** p<0.01
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local onset of COVID-19 spread (first case), the timing of their initial plunge in mobility,
the share of local population in nursing homes, the level of cases per capita at the time of
the mobility shock, and the direction of the mobility change. To systematically investigate
heterogeneity, for each dimension I construct a low/high (or early/late) indicator variable,
interact it with current and lagged mobility, and add the interactions to the local projections
specification (equation . I then plot the IRFs separately for high and low (early and late)
observations. The results, using mobility measured by time spent away from home, are

shown in Figure [[]] for case growth and in Figure [2] for deaths growth.
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Figure 11: Dynamic Impacts of Mobility on COVID-19 Cases Growth - Weekly

(a) Early (Blue) vs Late (Orange) Onset Counties
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(b) Low (Blue) vs High (Orange) Cases p.c.
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Note: Estimates of equation [2] in the text using panel local projections regressions. Shaded
regions are 90% and 95% confidence intervals. Early (late) onset counties are those for which
the date of their first COVID-19 case was below (above) the 50th percentile across counties.
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The estimated IRFs are found not to differ across these dimensions with a couple of in-
teresting exceptions. First, there is some evidence, especially for cases growth, that mobility
has more deleterious effects when cases per capita are high. One possible explanation is that
high cases per capita is correlated with high shares of the population that have undetected
(possibly even asymptomatic) infections such that a given increase in overall population
mobility (increasing the contact rate) interacts with a higher population share that is infec-
tious. Second, the harmful effect of mobility on deaths from 2 to 5 weeks ahead is larger for
counties which experienced their largest weekly drop in mobility at a relatively late date.
This finding is consistent with the notion that for a given magnitude of social distancing,

earlier action is more effective than later action.

5.3 The Power of Additional Data

As mentioned at the beginning of the paper, the ability to precisely estimate the full dy-
namic response of mobility, weather, and other variables on subsequent COVID-19 outcomes
is made possible by the increasing availability of geographically granular, high-frequency,
real-time data combined with a sufficient passage of time. To assess how the key results of
the paper have evolved in recent weeks as data have accumulated, I re-estimate the mobility
IRF's presented in Section (based on equation [2]) repeatedly using a series of expanding
window samples. Specifically, I estimate the IRF's first using data through week 15 of 2020
(the week ending April 14), then using data through week 16, then using data through week
17, and so on until the latest week of available data (i.e., the same sample used in Section
and throughout the paper).

To summarize how the results have evolved with additional weeks of data, I plot the 4-
week-ahead mobility elasticity (and its confidence interval) for both cases growth and deaths
growth against the end-of-sample week. Recall the elasticity (evaluated at sample means) is
the IRF coefficient times the ratio of mean mobility to the mean of the dependent variable
(cases growth or deaths growth) and can be interpreted as the percentage effect on cases
growth or deaths growth in response to a one percent increase in mobility. Plotting the IRF
coefficient itself over rolling samples could be misleading because it will change mechanically
if mean mobility or the mean of the dependent variable changes with the sample, which has
been the case.

The results are shown in Figure [I3] I focus on the three broadest measures of mobility:
time spent away from home, time spent at work, and the MEI. The panels on the left are
for cases growth, while the panels on the right are for deaths growth. The clearest finding is

that estimates of mobility’s impact have become increasingly precise — that is, the confidence
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Figure 12: Dynamic Impacts of Mobility on COVID-19 Deaths Growth - Weekly

(a) Early (Blue) vs Late (Orange) Onset Counties (b) Low (Blue) vs High (Orange) Cases p.c.
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(e) Mobility Increases (Orange) vs Decreases (Blue)
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Note: Estimates of equation [2] in the text using panel local projections regressions. Shaded
regions are 90% and 95% confidence intervals. Early (late) onset counties are those for which
the date of their first COVID-19 case was below (above) the 50th percentile across counties.
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intervals have become increasingly narrow — as more data have become available. One can
also see that while the mobility elasticity shows no clear trend over expanding samples for
cases growth, the elasticity has tended to shrink with additional data for deaths growth.
One possible explanation for the decline in the impact of mobility on deaths is suggested by
the anecdotal reports that movements in mobility have increasingly been driven by reduced
social distancing of younger individuals, who are less to die from COVID-19 if infected. At
any rate, these results highlight the importance of continual updates to the analysis done in

this paper and similar research done by others going forward.
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Figure 13: Rolling (Expanding-Window) Regressions

Impact of Mobility on COVID-19 Outcomes 4-Weeks Ahead
(a) Case Growth — At Home (Inv.) (b) Deaths Growth — At Home (Inv.)
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6 Conclusion

This paper sought to provide estimates of the full dynamic response of COVID-19 out-
comes to exogenous movements in mobility. It uncovered several important findings. First,
weather and mobility are highly correlated and thus omitting either factor when studying the
COVID-19 effects of the other is likely to result in substantial omitted variable bias. Second,
temperature is found to have a negative and significant effect on future COVID-19 cases
and deaths, though the estimated effect is sensitive to which measure of mobility is included
in the regression. Third, controlling for weather, overall mobility is found to have a large
positive effect on subsequent growth in COVID-19 cases and deaths. The effects become
significant around 2 weeks ahead and persist through around 8 weeks for cases and around
9 weeks for deaths. The peak effect occurs 4 to 6 weeks ahead for cases and around 8 to 9
weeks ahead for deaths. The effects are largest for mobility measured by time spent away
from home and time spent at work. Fourth, I find that NPIs do affect future COVID-19 cases
and deaths, but that their effects work entirely through, and not independent of, individuals’
mobility behavior. Lastly, the dynamic effects of mobility were found to be generally similar
across counties, though the effects are somewhat larger in places with high cases per capita
and that reduced mobility relatively late.

This is a first attempt at estimating the full dynamic impact of mobility and weather on
COVID-19 outcomes. As noted in the beginning of the paper, this dynamic estimation is
increasingly feasible because of the availability of high-frequency, real-time data along with
sufficient passage of time since the initial outbreaks in most of the U.S.. I plan to regularly

revisit the analyses in this paper as further days and weeks of data become available.
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Appendix A — Supplemental Results

Figure Al: Relationship Between Temperature and MEI

Mobility

40 50 60 70 80
Daily Maximum Temperature

9328 PRESS

COVID ECONOMICS
VETTED AND REAL-TIME PAPERS



	Paper1
	Paper2
	Paper3
	Paper4
	Paper5
	Paper6
	Paper7
	Paper8



