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Abstract

We use high-frequency Google search data, combined with data on the announcement dates
of non-pharmaceutical interventions (NPIs) during the COVID-19 pandemic in U.S. states, to
disentangle the short-run direct impacts of multiple different state-level NPIs in an event study
framework. Exploiting differential timing in the announcements of restaurant and bar limitations,
non-essential business closures, stay-at-home orders, large-gatherings bans, school closures, and
emergency declarations, we leverage the high-frequency search data to separately identify the effects
of multiple NPIs that were introduced around the same time. We then describe a set of assumptions
under which proxy outcomes can be used to estimate a causal parameter of interest when data on
the outcome of interest are limited. Using this method, we quantify the share of overall growth in
unemployment during the COVID-19 pandemic that was directly due to each of these state-level
NPIs. We find that between March 14 and 28, restaurant and bar limitations and non-essential
business closures can explain 6.0% and 6.4% of UI claims respectively, while the other NPIs did
not directly increase own-state Ul claims. This suggests that most of the short-run increase in Ul
claims during the pandemic was likely due to other factors, including declines in consumer demand,
local policies, and policies implemented by private firms and institutions.
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1 Introduction

During a pandemic, governments may implement non-pharmaceutical interventions (NPIs) to slow
the spread of disease. Examples of NPIs include shutting down businesses where social interactions
take place, closing schools, ordering people to stay at home, and banning large gatherings. NPIs
reduce the movement and social interactions of individuals during a pandemic (Allcott et al., 2020;
Dave et al., 2020; Friedson et al., 2020; Gupta et al., 2020) and slow disease spread (Flaxman et al.,
2020), with varying degrees of effectiveness depending on the particular NPI. However, because many
NPIs involve reductions in economic activity, there are concerns about the potential damage that
NPIs may cause to the economy and labor markets. This led some elected officials to delay NPI
introduction, introduce fewer NPIs overall, or consider the relaxation of NPI policies. Understanding
the direct causal effects of specific state-level NPIs (vs. declines in consumer demand, local policies,
and policies implemented by private firms and institutions) is of great importance to policy makers as
states continue to face decisions about the specific sets of NPIs to relax or re-introduce. Disentangling
the potentially heterogeneous effects of multiple policies that were introduced at similar time points is
generally challenging because traditional data sources are rarely measured at high-enough frequencies.
For example, administrative data on UI claims is available only at the weekly level, whereas different
NPIs were often introduced within days of each other. As a result, most other work has considered a
single representative NPI (e.g. stay-at-home orders). However, to assess the heterogeneous impacts of
different NPIs, high-frequency data is necessary. To surmount this issue, we use a high-frequency proxy
measure (daily Google search volumes) to separately estimate the short-run impacts of six different
state-level policies that were introduced in close succession.

While our paper focuses on quantifying the role of state-level NPIs, pandemics may impact the
economy through a number of channels. For example, they decrease consumer demand for particular
goods and services, as individuals avoid public places, which then translates into decreased labor
demand. In addition to a given state’s own NPIs, policies implemented by local governments, private
firms and institutions, and spillovers from other states may also have additional economic impacts.
Our paper does not directly quantify these alternative hypotheses, although other work has found
evidence that voluntary decreases in consumer demand may play a large role (Goolsbee and Syverson,
2020). Thus, our estimates should be interpreted to pertain only to the specific state-level NPIs we

outline below.



In this paper, we present an empirical framework for estimating a key policy parameter: the share
of the short-run economic impact (as measured by UI claims) directly caused by a state’s decision
to implement various NPIs. We use high-frequency Google search data, combined with data on the
exact dates of NPI announcements during the COVID-19 pandemic in U.S. states, to isolate the
impact of NPIs on UI claims in an event study framework. We consider six NPIs: restaurant and
bar limitations, non-essential business closures, stay-at-home orders, large-gatherings bans, school
closures, and emergency declarations. Exploiting the differential timing of the introduction of these
NPIs across U.S. states, we analyze how Google searches for claiming unemployment responded to
each policy.

We find that announcements of restaurant and bar limitations, non-essential business closures, and
stay-at-home orders are associated with increases in the volume of Google searches for claiming Ul on
the day of the announcement as well as the following two days in the announcing state. At the same
time, we find no such association for large-gatherings bans, school closures, and emergency declarations.
The effect of stay-at-home orders disappears after controlling for restaurant and bar limitations and
non-essential business closures, whereas the latter two policies have independent effects on Google
searches that are robust to controlling for other policies.

We then introduce a method to translate our event study estimates into estimates of the share of
own-state Ul claiming caused by each NPI. Importantly, while our method uses a proxy measure of Ul
claims (the volume of Google searches for “file for unemployment”, first introduced and validated by
Goldsmith-Pinkham and Sojourner, 2020), it does not rely directly on prior estimates of the relation-
ship between the variable of interest (UI claims) and the proxy measure (Google searches). Instead,
we require that the increase in Google searches caused by the NPIs is proportional to the increase in
UI claims caused by the NPIs. In addition, we assume that the overall increase in Google searches
during our period of interest (March 14 to March 28) can be mapped directly to the 10.2 million initial
UI claims filed during those two weeks.

Under these two assumptions, we estimate that the combined causal effect of these NPIs directly
accounts for 12.4% of the UI claims filed during this period. We emphasize that this share only
encompasses own-state restrictions, and does not include effects from local policies, spillovers from
other states, or voluntary changes in consumer and firm behavior. To account for one of these factors,

we conduct an exploratory analysis on the role of cross-state spillovers from NPI announcements and



nd evidence of modest e ects. Our estimate is also subject to uncertainty arising from sampling
error and imperfect correlation between search volume and Ul claims. We address these concerns by
performing bootstrap inference on our share estimate and empirically verify that search volume is a
good predictor of Ul claims.

Estimating the direct causal impact of state-level NPIs on the economy and the labor market is
policy relevant as state governments must decide whether and when to implement or relax particular
NPIs during pandemics, taking into account both their e ects on the spread of disease as well as their
e ects on state economies and labor markets. We nd that NPIs are heterogeneous in their e ects:
this heterogeneity is relevant for policy as it can inform trade-o s between the economic and public
health impacts of policies when choosing which policies to implement or relax.

This paper makes several contributions. First, we provide estimates of the short-run causal e ect
of state-level NPl announcements on unemployment expectations (measured via internet search data).
Second, we show how these e ects can be translated into estimates of the contribution of NPIs to overall
growth in Ul claiming. Our method using high-frequency data on proxy outcomes to estimate policy
e ects could be useful beyond our particular setting. Third, this is the rst study to simultaneously
estimate the impacts of multiple NPI policies on Ul claiming and to study variation in the magnitude

of these e ects.

Related Literature Our work contributes to the literature studying the impact of NPIs adopted
during the COVID-19 pandemic on unemployment and other economic outcomes. Most closely related
to our work, Baek et al. (2020) and Lin and Meissner (2020) use weekly Ul claims data to study the
e ect of stay-at-home policies on Ul claims. Baek et al. (2020) nd a positive e ect of stay-at-
home orders, attributing 25% of the rise in Ul claims between March 14, 2020 and April 4, 2020 to
stay-at-home policies. In contrast, Lin and Meissner (2020) nd that stay-at-home ordersdecrease
Ul claims. Goolsbee and Syverson (2020) study the e ects of county-level shelter-in-place orders on
consumption using cellphone tracking data, and attribute only 12% of the consumption decline to these
legal restrictions. Other recent work examining the sources of economic decline during the pandemic
include Chetty et al. (2020), Allcott et al. (2020), and Murray and Olivares (2020). All of these papers

nd that a relatively small share of the overall economic decline can be attributed to state-level



restrictions.> Our paper extends this existing work on NPIs in several ways. First, we o er evidence
on the individual causal e ects of a broader set of six di erent NPIs on unemployment. Second, we
provide estimates using a daily outcome measure (the Google Trends data), which allows us to more
precisely identify e ects and better account for unobservable di erences in the pandemic's progression
across di erent states. Third, we are able to use more granular timing variation in NPl announcements
to estimate the e ects of multiple NPIs jointly, which corrects for correlation in NPI announcement
dates and reveals that individual NPIs have smaller e ects on Ul claiming than single-NPI analyses
may suggest.

We also contribute to broader empirical work on labor market during COVID-19 pandemic. Bartik
et al. (2020a) and Kahn et al. (2020) study work hours and job postings respectively, and nd that
employee hours and job postings were reduced over the course of the pandemic. Dingel and Neiman
(2020) provide estimates of the share of jobs can be performed from home, Mongey et al. (2020)
use SafeGraph data to show how workers' ability to work from home a ects their ability to practice
social distancing. Coibion et al. (2020) nd that job loss during the pandemic has been higher than
implied by new Ul claims and that many individuals who lost their jobs are not actively looking for
work.? These empirical papers and ours complement a body of work that simulates the macroeconomic
consequences of the pandemic and calibrates the e ects of potential policies (Atkeson, 2020; Bethune
and Korinek, 2020; Eichenbaum et al., 2020; Jorda et al., 2020; Glover et al., 2020; Guerrieri et al.,
2020; Krueger et al., 2020; Ludvigson et al., 2020; Rampini, 2020). Our paper provides estimates of
the labor-market e ects of several of these policies and can be used to inform the parameter inputs of
these models.

Lastly, we build on work that has used Google search data to study questions that are di cult to
study with more traditional survey and administrative datasets. Our work is most closely related to
Goldsmith-Pinkham and Sojourner (2020) who use Google search volumes to forecast Ul claims during
the COVID-19 pandemic.2 Our work is an example of how Google Trends data can be combined with

policy variation to infer causal e ects that are di cult to estimate using data from more traditional

YIn a related historical paper, Correia et al. (2020) study the 1918 Flu Pandemic and nd that early and aggressive
implementation of NPIs was not associated with negative economic e ects and may have been associated with faster
economic growth after the pandemic.

2Further work has studied the the relationship between the COVID-19 pandemic and short-term aggregate economic
activity (Lewis et al., 2020; Mulligan, 2020), consumption (Baker et al., 2020 b), heterogeneity across rms (Bartik et al.,
202M; Hassan et al., 2020), and economic uncertainty (Baker et al., 2020a).

%In earlier work by Baker and Fradkin (2017) estimate measures of job search intensity based on Google Trends and
other data to study the consequences of Ul policy changes.



sources. In addition, we introduce a method that augments the utility of high-frequency proxies

for estimating the causal e ects of policies. Our method could be employed in other contexts by

policymakers and researchers to assess the real-time impacts of policies introduced in close succession.
The remainder of this paper proceeds as follows. We provide background information on the

COVID-19 pandemic and NPI responses to the pandemic in Section 2. We then describe our data in

Section 3. We describe our conceptual framework in Section 4 and our empirical strategy in Section

5. We present our results in Section 6. In Section 7, we conclude with a brief discussion of the

interpretation of our results.

2 Background

2.1 The COVID-19 Pandemic in the U.S.

In January 2020, coronavirus disease 2019 (COVID-19), an infectious disease caused by by severe acute
respiratory syndrome coronavirus 2 (SARS-CoV-2) spread to the United States. COVID-19 is a highly
infectious disease: most studies suggest that its basic reproduction number (RO0) is 2.2-2.7 (Du et al.,
2020; Riou and Althaus, 2020; Wu et al., 2020); others report estimates as high as 5.7 (Sanche et al.,
2020). Its symptoms include fever, cough, shortness of breath, di culty breathing, chills, muscle pain,
headache, sore throat, and new loss of taste or smell (Centers for Disease Control and Prevention,
202C). COVID-19 can cause a wide spectrum of disease, including mild illness, moderate and severe
pneumonia, respiratory failure, and death (Centers for Disease Control and Prevention, 202). To
date, 1.19 million cases and 68,551 deaths have been reported in the U.S. (Centers for Disease Control

and Prevention, 202@).
2.2 Non-Pharmaceutical Interventions

Currently no vaccine or specic treatment exists for COVID-19 (Centers for Disease Control and
Prevention, 2020d). U.S. states and cities have adopted NPIs to mitigate the spread of COVID-
19. These include stay-at-home orders, mandatory quarantines for travelers, non-essential business
closures, large gatherings bans, school closures, and restaurant and bar limitations. By April 20,
2020, all U.S. states with the exceptions of Arkansas, lowa, Nebraska, North Dakota, South Dakota,
and Wyoming have issued some form of a stay-at-home order. By the same time, all states with
the exceptions of Arkansas, Minnesota, Nebraska, South Dakota, Texas, Utah, and Wyoming had

announced some form of non-essential business closures. Strict restaurant and bar limitations had



been imposed in all states with the exception of South Dakota. All other states had closed restaurants
and bars except for takeout and delivery, with the exceptions of Kansas and New Mexico which allowed
limited on-site service and Oklahoma where restaurants and bars were only limited to takeout and
delivery in a ected counties (Kaiser Family Foundation, 2020).

Importantly for our analysis, while almost all states eventually announced these NPIs, initial
announcements were staggered. For example, restaurants and bars were limited to takeout and delivery
in 35 states by March 18, while 4 states still had restaurants and bars operating normally a week later.
Likewise, 7 states announced non-essential businesses closures as early as March 20, whereas 16 states
had not announced non-essential business closures by April 1st. Figure 1 shows the distribution of
announcement dates for each NPI over time and the pairwise correlation across states of these dates.
While announcement dates are positively correlated, the correlation is weak in most cases. (Appendix
Table Al shows the announcement date for each state and each NPI. Appendix Figure Al provides

information about the geographic distribution of announcement dates in heatmap form.)

3 Data

We combine data on internet searches from Google Trends, data on NPl announcement dates, as well

as state economic data (e.g., industry composition) and data on the spread of COVID-19.
3.1 Google Search Data

We use data on Google searches for the term \le for unemployment" from February 1 to April

24, 2020 We download these data from Google Trends, which releases data on relative search
intensities by search term, day, and geographic location. Because Google only releases relative search
volumes, throughout our analysis we will normalize search volumes such that the highest volume day
in California during our time period is set to 100.° Because the Google Trends API draws a di erent
sample of data for each request, we download and average 100 samples for each state to mitigate

sampling variation. Appendix Figure A2 summarizes the overall evolution of Google searches for for

488% of internet searches in the U.S. happen on Google (Statcounter GlobalStats, 2020).

®As explained by Google Trends, \Search results are normalized to the time and location of a query by the following
process: Each data point is divided by the total searches of the geography and time range it represents to compare
relative popularity. Otherwise, places with the most search volume would always be ranked highest. The resulting
numbers are then scaled on a range of 0 to 100 based on a topic's proportion to all searches on all topics." https://
support.google.com/trends/answer/4365533?hl=en ) A more speci ¢ explanation by Seth Stephens-Davidowitz reads:
\It takes the percent of all searches that use that term; then divides by the highest number. So if 1 percent of searches
include coronavirus in City A and 0.5 percent of searches include coronavirus in City B, city B will have a number half
as high as City A." ( https://twitter.com/SethS_D/status/1238844534534045697 ) Stephens-Davidowitz and Varian
(2015) provide a detailed description of how Google Trends data can be accessed and used for social science research.



claiming unemployment insurance during March and April, 2020.

We note that there are three bene ts that arise from using a proxy outcome like the Google trends
data. First, the search data are accessible in real time, whereas data on a target outcome (here, Ul
claims) is often only available with some delay. Second, the daily nature of the search data facilitates
a more convincing research design, allowing us to trace a more detailed pattern of policy responses in
both the pre- and post-periods, rather than just relying on a couple of points before and after each
policy. Lastly, daily search data is useful for disentangling policy e ects when the policies themselves
are implemented at similar times. In our context, the daily search data allows us to disentangle the
di erent e ects of multiple policies that were announced and implemented within days of each other,
to assess which policies have higher or lower costs in terms of unemployment, which can then be
weighed against each policy's public health e ectiveness. To our knowledge, ours is the only study

that disentangles the heterogeneous e ects of as many as six di erent NPIs.
3.2 NPI Timing Data

We use data released by Kaiser Family Foundation (2020) to identify which states have announced
each of the six NPIs we study: restaurant and bar limitations, non-essential business closures, stay-
at-home orders, large-gatherings bans, school closures, and emergency declarations. For each state
and NPI, we identify the precise date on which the NPl was rst announced. In cases where multiple
announcements pertained to the same NPI, we use the rst recorded announcement. For a list of all

NPI introduction dates by state, see Table Al.
3.3 Other Data

We use con rmed COVID-19 cases and deaths from Dong et al. (2020) and Johns Hopkins University
(2020). Total initial Ul claims led at a national level between March 14 and March 28 are derived from
weekly news releases from the U.S. Department of Labor (2020). Industry employment shares at the
national and state levels are computed from the Quarterly Census of Employment and Wages (Bureau
of Labor Statistics, 2020) and from the 2013-2017 American Community Survey (U.S. Census Bureau,
2020). We use data on industry-level unemployment growth from March 14-28 from three states:
Massachusetts (Massachusetts Executive O ce of Labor and Workforce Development, 2020), New
York (New York State Department of Labor, 2020), and Washington (Washington State Employment
Security Department, 2020).



4 Conceptual Framework

Our empirical analyses are built on a conceptual framework where rms internalize the information
contained in NPl announcements about their optimal employment level and workers have rational
expectations of rm layo decisions. Changes in workers' expectations of their layo probability then
lead to a rapid response in Google search behavior, which is the proxy outcome we measure. This
conceptual model predicts that Google searches by workers not only respond to actual layo s but also
shifts in their expectationsof impending layo s.°

Our model requires that rms internalize the information contained in NPI announcements. Poli-
cies like restaurant and bar limitations and non-essential business closures directly reduce a ected
rms' future demand. In the presence of layo /re-hiring costs, this leads to a reduction in a ected
rms' current optimal employment level. For example, a retailer may not lay o workers if demand
may rebound in the following month, but may be willing to incur the adjustment costs of re-hiring
workers later if demand were assuredly low due to a non-essential business closure policy.

Workers who are not immediately laid o are assumed to anticipate the employment responses of
their employers. For example, a waiter who hears the announcement of restaurant and bar limitations
would seek out information on claiming Ul. If some a ected workers delay their search behavior, we
may not be able to detect their responses depending on the length of our event study window.

One concern about this approach is that workers expectations' may not be correct: for example
they under- or overestimate the change in their likelihood of unemployment when an NPI is announced
and their internet search behavior may re ect such an under- or overreaction. This is only a problem for
our approach to the extent that the response in internet search behavior around NPI announcements
is biased in a way that is di erent from the bias associated with searches occurring for other reasons
during our period. As long as workers are under- or over-reacting to NPIs and other economically

relevant factors in the same way, our estimates remain unbiased.

5This focus of our model on worker and rm expectations helps to di erentiate the e ects of NPIs on layo s from
papers that show early reductions in hours and job postings (Bartik et al., 2020 a; Kahn et al., 2020), outcomes that may
be more responsive to short-run demand conditions.

"The importance of rms' demand expectations is magni ed by the liquidity constraints faced by the typical small
business: Bartik et al. (2020b) employ surveys of small businesses and nd that 72% of business owners expect to re-open
in December 2020 if the pandemic lasts 1 month, with this percentage dropping to 47% if the pandemic lasts 4 months.



5 Empirical Strategy

A characteristic of the economic downturn associated with the COVID-19 pandemic, and a common
feature of many crises, is that the e ects of particular policy responses are hard to isolate. We employ
high-frequency proxy data from Google Trends to separately identify e ects of policies released just
days apart from each other and detect rapid changes in workers' behavior and expectations.

In addition to estimating causal e ects of NPIs on Google searches, we also develop a new method
to translate these estimates into causal e ects on Ul claims. In contrast to prior work using proxies
for economic variables (e.g., Goldsmith-Pinkham and Sojourner, 2020; Baker and Fradkin, 2017), our
method only requires one data point on Ul claims: the total number of claims led between March 14
and 28. This is because we do not directly estimate the relationship between Google searches and Ul
claims. Instead, we employ alternative assumptions to rst estimate the share of Ul claiming caused
by NPIs, which we multiply by the total March 14-28 change in Ul claims to obtain the e ect in level
terms. Our method allows for policy e ect estimation using proxy data where data on the variable
of interest are limited (because of low-frequency measurement, small samples, or measurement error)

but where the researcher can assume that causal e ects satisfy certain assumptions.
5.1 Single-Policy Event Study

To quantify the impact of a given NPI on search volume, our baseline speci cation below is an event
study regression that exploits di erential NPl announcement dates across di erent states. Our main

speci cation is of the form:

X6
Sit = 1fr= g+ i+ +"t (1)

where S;; is Google search volume in staté and date t, r denotes the days relative to the date the
policy was announced (which we de ne as day =0), and ; and . are state and calendar date xed
e ects. The coe cients of interest estimate the di erential increase in search volume for each day
relative to the day prior to the announcement date (r = 1). We normalize - 1 =0 and cluster
standard errors at the state level.
For periodsr > 6 andr < 7, we assignr =6 and r = 7 respectively. This follows from the
assumption that the dynamic e ects of the policy are constant 7 days after the policy announcement

and prior to 7 days before the policy announcement. Estimation of the coe cients for earlier pre-
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periods would rely only on comparisons between states that announced the NPI early (the \treated"
group for that pre-period) and states that announced the NPI at least one week later (the \control"
group for that pre-period). An analogous logic holds for later post-periods. Given that the NPIs were
introduced at very similar times®, states that announced policies more than a week apart are likely
unobservably di erent from each other. Moreover, separately identifying calendar date xed e ects
and the coe cients for these earlier and later periods relies on an increasingly sparse (and selected)

set of \treated" and \control" states. °
5.2 Multiple-Policy Event Study

The standard event study approach described above estimates the e ect of a single NPI on search
volume. However, during the COVID-19 pandemic, many states announced multiple NPIs simulta-
neously or in close proximity to each other. Correlation among NPIs may lead the single-NPI event
studies to overstate the impact of each NPI (Figure 1 shows the correlation patterns between the six
NPIs we consider). However, running an event study that includes all possible policies may not be
feasible due to potential collinearity. To address both of these issues, we rst estimate single-policy
event studies for each of the six NPIs we consider. To account for correlated NPl announcements, we
then estimate a multiple-policy event study that includes the subset of NPIs that exhibited signi cant
e ects in the single-policy estimation. This speci cation takes the form:
X X
Sit = o Lfr(p)= g+ i+ + it (2
p2P = 7
where S;; is Google search volume in statd and date t, P denotes the set of included policiesr (p)
denotes the days relative to the date that policy p was announced (which we de ne as day = 0), and
i, tare state and calendar date xed e ects respectively. The coe cients of interest . estimate, for
each policyp, the increase in search volume for each day relative to the day prior to the announcement
date of each policy ¢(p) = 1), controlling for the time-varying e ects of the other policies in P. We
normalize o, = 1 =0 for all policies p and cluster standard errors at the state level. Under the
multiple-policy speci cation, we can estimate each policy's independent impact on search volume,

controlling for the other policies that demonstrated an e ect in the single-policy speci cation.

8The inter-quartile range of introduction dates is between 3 and 8 days for all of the policies we consider

An alternative approach would be to drop data correspondingto r< 7 andr > 6, but while this \balances" the
data in event time, the data becomes unbalanced in calendar time, certain calendar date xed e ects may no longer be
separately identi ed from the coe cients, and the reduction in sample size reduces statistical power.

10



5.3 Robustness

We discuss potential concerns and assess the robustness of our results in a number of ways.

First, certain states had a large number of cases early on (e.g., California and Washington) or were
particularly strongly hit by the pandemic (e.g., New York). To address the concern that our results
are driven by these states, we re-estimate the event study and the di erence-in-di erences speci cation
excluding these three states.

Second, another concern is that our results may be driven by smaller states whose Ul responses
or economic trajectories may di er from larger states. To address this concern, we re-estimate our
results weighting each state by its total employment.

Third, it is likely that NPI policy announcement dates are correlated with characteristics of the
pandemic in each state. This would pose a problem to our identi cation strategy only if individuals
modi ed their Ul claiming behavior (and hence their Google search behavior) in response to their
states' disease trajectory. To address this concern, we re-estimate our single-policy event study spec-
i cation (Equation 1) with additional controls for case growth and deaths at the state-calendar date
level, both interacted with state dummies:

X6
Sit = ~ 1fr= g+ 5 Case Growth; + 7 Deaths; + ~j + ~¢ + % 3)
= 7

Case Growth; is de ned as the additional cases in state in calendar datet relative to the previous
day and Deaths; is de ned as the cumulative deaths in statei at calendar datet. Interacting both
variables with state dummies allows the e ects of case growth and deaths (captured by5 and 75
respectively) to vary by state. This speci cation assesses whether our results are driven by di erential
case growth or deaths.

We also show that epidemiological outcomes are not changing rapidly around the exact timing
of NPI announcements by replacing the outcome variable in our event study (Equation 1) with case
growth and deaths.

Fourth, to further demonstrate that the NPI timing variation we use is not driven by the di erent
epidemiological experiences of each state, we separate states into those that registered their rst
COVID-19 death early in the epidemic (on or before March 19) and those that registered their rst

COVID-19 death later (after March 19). We use March 19 as the cuto date because it is the median

11



date of the rst COVID-19 death across states. We then estimate the event study speci cation
separately for both sets of states.

Fifth, one concern with event study approaches is that the same sets of states are used as \treated"
and \control" states for various relative days. In Appendix D, we estimate an alternative di erence-
in-di erences model, where we compare \treated" states that announced their rst NPI early vs.
\control" states that did not announce any NPI during the timeframe we use for estimation.

Sixth, we assess whether an industry-speci ¢ NPI (restaurant and bar limitations) di erentially
a ected states with a higher share of employment in food services. We present the methods and results
for this case study in Appendix E.

Seventh, we assess the robustness of our main estimates to controlling for spillovers from policies
announced in bordering states. We present methods and results for this analysis in Appendix F.

Eight, also in Appendix F, we conduct exploratory analyses to assess the importance of potential
cross-state spillovers in explaining Ul claims. While own-state e ects are the focus of our analysis,
the magnitude of spillover e ects across state borders may be of interest (for example, for informing

coordination between states).
5.4 Quantifying the Impact of Individual NPIs on Ul Claims

We rely on the event study speci cations described above to partition the evolution of search volume
into the causal e ects of the NPIs and an aggregate time trend. We assume that, for each state,
the (normalized) quantity of Ul claims in a given period is proportional to the area under the curve
de ned by search intensity over the same period:® We also assume that the Google search volume
caused by factors other than the NPIs can be estimated by integrating the calendar date xed e ects
in the event study. With these assumptions, the integral under the estimated NPI e ect (given by
the relative-time coe cients in Equation 1 and ; in Equation 2) is proportional to the quantity

of Ul claims caused by the NPI. By comparing this integral to the integral under the time trend
(given by the  coe cients), we can isolate the direct causal e ect of the NPI. In Appendix B, we
provide a formal discussion of these assumptions and describe how they allow proxy data to be used

to estimate causal e ects. In Appendix C, we provide evidence on the proportionality assumption for

We do not require that the coe cient of proportionality be known or even estimated. Intuitively, the coe cient of
proportionality cancels out in the numerator and denominator of the share expression we construct below. Moreover,
the coe cient of proportionality is di cult to interpret, since over any requested time window, the Google Trends data
are always normalized so that the maximum search intensity equals 100.

12



our context.'!

Consider the multiple-policy event study specication in Equation 2. Let lipt,;t, denote the
integral under the . 1fr(p) = g terms for a given statei, NPI policy p, and > = 0. Further,
let 1,:,:t, denote the weighted average of;;, over all states, using weights proportional to the average
number of Ul claims led during the four weeks ending February 22, 2020 through March 14, 2020 and
only counting the relative time periods that fall within [ t;;t,]. For example, a non-essential business
closure announced on March 25 will only contribute 4 days worth of e ects to the share, due to the
March 14-28 window. Letl . ,, denote the integral under the date xed e ects  betweent; and t;
(which estimates the pandemic e ects not explained by the policies). The share of Ul claims between

t; and t, caused by the NPI can be estimated as:

_ [
Share of Ul claims caused by NPIp = Pyt : (4)
Lt ezt plptte

Because NPIs can have industry-speci c impacts, another quantity of interest is the share of Ul
claims in a given industry that was caused by the NPI. We describe how this share can be computed
in the case of restaurant and bar limitations in Appendix Section E.

De ning the appropriate time window [ t1;t>] is challenging and will a ect estimation of the shares
de ned above. We estimate the above shares for our six policies of interest using a window ¢f =
March 14, when the rst states began announcing NPIs, throught, = March 28, approximately the
time that the nal states began announcing NPIs (see Figure 1 and Table Al). This also allows us
to simply utilize two periods worth of the weekly Ul claims data, avoiding the need for interpolation.
Given the short period during which most states announced their rst NPIs, we can evaluate all six
policies using the same denominator for Equation 4.

In Appendix G we provide a detailed discussion of model uncertainty and inference on the shares
of Ul claims explained by NPIs. We report results from a cluster bootstrap procedure to generate
con dence intervals for our share estimates and explore the implications of various modeling choices

for the distribution of our estimates.

1 For more evidence on the ability of Google Trends data to predict Ul claims, see Goldsmith-Pinkham and Sojourner
(2020).
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5.5 Identi cation

Our key identifying assumption is that the observed untreated outcomes of states that are not (yet)
treated (states that announce their policy later) are a good counterfactual for the states announcing
the policy on a given date. For example, this requires that states do not get an unobserved shock
that impacts Google search behavior (e.g., new information on state-speci ¢ pandemic severity) at the
time of the policy announcement. In support of this identifying assumption, we nd at pre-trends in
each of our event studies (Figure 2), our results are robust to controls for epidemic severity (Figure
3), and epidemic severity does not change rapidly near NPl announcements (Appendix Figure A5).
Another source of bias would arise if workers anticipated the announcement and implementation
of the NPIs. To the extent that anticipation led to consistently higher Google searches in the pre-
period, our estimates of the causal policy e ect will be biased toward zero. However, our results would
still be policy-relevant: our estimates describe the e ect of a policytaking as given rm and worker
expectations. The policy-relevant treatment e ect of the intervention accounts for the possibility that
the policy results in a smaller increase in Ul claims because rms had already laid o workers in
anticipation of the policy. That said, the pre-trends of our event studies (Figure 2) suggest little

anticipatory e ect in Google searches before the policies are actually announced.

6 Results

6.1 Estimates from the Single-Policy Event Study

Figure 2 shows our event study estimates for each of the NPIs. The rst columns of Appendix Tables
A2-A7 show the corresponding event study coe cients. Figure 2 suggests that there is no di erential
trend in Google search volume for Ul claiming prior to the announcement of any of the NPIs. For
restaurant and bar limitations, there is an approximately 15.2 unit (24.3%) average increase in Google
search volume on relative day 1 (the rst day following the announcement date). For non-essential
business closures the, increase is 29.9 units (48%), and for stay-at-home orders it is 22.8 units (34.9%).
Percentage increases are computed relative to the mean search volume over the March 14-28 peridd.
After these initial increases, search volumes return to their pre-announcement levels. This may re ect

an \impulse response” e ect of announcements: workers a ected by the NPIs may search online

12This is the most relevant normalization because it allows us to use a single period as a benchmark for di erent NPIs
introduced at di erent times and also circumvents the issue that search volume for Ul claiming is very low and sometimes
not reported by Google in the preceding period.

14



intensively at rst but then search less after they locate the appropriate resources for ling a Ul claim.

We see no comparable increase in search volume after the announcement of large-gatherings bans,
school closures, and emergency declarations. Our interpretation is that these NPIs, announced in
the same time frame, did not change unemployment expectations and did not directly increase Ul

claiming.
6.2 Estimates from the Multiple-Policy Event Study

Figure 4 and Table A8 report our event study results when we include multiple policies at the same
time. Based on results reported in Section 6.1, we focus on the three NPIs that seem to have individual
impacts: restaurant and bar limitations, essential business closures, and stay-at-home orders. Once
we control for the presence and timing of the other policies, the impacts of restaurant limitations
and non-essential business closures appear to be slightly smaller. Stay-at-home orders are no longer
estimated to a ect internet search volume because their timing is correlated with the timing of non-
essential business closures. An insight from these results is that when estimating the contribution of

individual policies, it is important to control for the presence and timing of other correlated policies.
6.3 Robustness

To assess the robustness of our results, we estimate our event study on alternative samples and using
alternative speci cations. We estimate our results (i) excluding California, New York, and Washington,
three states hit hard or early on by the pandemic, (ii) weighting states by their total employment,
(iii) controlling for case growth and the number of deaths, (iv) on the sample of states with early
rst deaths, (v) on the sample of states with late rst deaths. Figure 3 summarizes our results,
showing coe cient estimates and standard errors for day 1 from the event study, the rst full day after
each announcement date. Our results are very similar under these di erent speci cations and when
estimated on alternative samples, although they are sometimes noisier on smaller samples. (Appendix
Figures A3 and A4 show full event studies for each of the six policies and each of the alternative
speci cations and samples. Columns 2-6 of Appendix Tables A2-A7 show the corresponding event
study coe cients.)

To examine whether the exact timing of the introduction of NPIs coincides with epidemiological
events that potentially provide information to the public about the spread of the pandemic, Appendix
Figure A5 shows the evolution of case growth and the number of deaths relative to the announcement

of NPIs. We nd no evidence that the announcement of NPIs is preceded or followed by jumps in these
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outcomes. (Appendix Tables A9 and A10 show the corresponding event study coe cients.) Note that
this should not be taken as evidence that NPIs don't impact case growth or the number of deaths.
Our estimates only show that controlling for overall time-trends, there is noimmediate impact in our
time frame; the e ects of NPIs on cases and7 deaths would be expected to emerge later.

We present di erence-in-di erences estimates comparing \early adopters" (rst NPl announced
between March 13-17) with \late or never adopters" (after March 1 or never) in Appendix D. Figure
D1 and Appendix Table D1 show that trends for early and late adopters are identical until the rst
NPl announcement, at which point the early adopter states experience a jump in search volume that is
sustained through additional announcements by early adopter states. The overall di erential increase
in search volume in early adopter states is 13%. Importantly, late adopter states also have increasing
search volume: this underscores the idea that most Ul claiming is not the direct e ect of NPI adoption.

In our case study of the Accommodation and Food Services industry, presented in Appendix E,
we show that the e ects of restaurant and bar limitations are driven by states with high food services
employment. Appendix Figure E1 and Appendix Table E1 show the event study estimates separately
for states with high (above-median) and low (below-median) food service employment shares. The
point estimates suggest that the e ect of restaurant and bar limitation announcements is larger for
states with a high share of their residents employed in food service, though this di erence is not
statistically signi cant. We estimate that the Accommodation and Food Services industry accounts
for about 25% (2.5 million) of all initial Ul claims led between March 14 and 28. However, the policy
of restaurant and bar limitations can account for only 24% of this e ect (about 612,000 claims).

In Appendix F we provide preliminary estimates of cross-state spillovers due to NPl announce-
ments. First, Appendix Figure F1 shows that our estimates of direct, own-state e ects remain robust
to the inclusion of border-state NPl announcements. Second, we provide suggestive evidence on the
magnitude of spillover e ects from NPIs on bordering states. We nd that these e ects are relatively

modest, but could be of interest for coordination between stateg3
6.4 Estimates of NPI Impacts on Ul Claims

We use the method outlined in Section 5.4 to compute the share and number of Ul claims caused by
the six NPIs. The results from our main speci cation (see Figure 2) suggest that only restaurant and

bar limitations, non-essential business closures, and stay-at-home orders have statistically signi cant

131n Appendix G and in particular Figure G4, we show that the implied shares of Ul claims associated with each direct
policy e ect are also unchanged.

16



e ects on search volume. To address the positive correlation between these policies (shown in Figure
1), we use the multiple-policy event study given by Equation 2 to estimately,.t,, the area under
the event study coe cients for each policy p and time window [t1;t2], for the three policies above
and [ty;t2] = [March 14, March 28]. Panels (a), (b), and (c) of Figure 4 graphically illustrate this
calculation. Panel (d) showsl 1.2, the area under the time xed e ects.

Figure 5 shows the average direct, own-state NPI e ects across all states, accounting for di erences
in states' NP1l announcement timings and weighting by prior Ul claims. The gure re ects the relative
timing of NPl announcements across states: restaurant and bar limitations usually preceded non-
essential business closures and stay-at-home orders. The gure also demonstrates that our chosen
time window (March 14-28) captures the bulk of the impulse-response e ects across states. There is
some evidence of persistent e ects of NPIs on search volume lasting into April, but these rely heavily
on the event study coe cient for the last relative time period. Our estimates of |.mar14, Mar2g are are
equivalent to integrating under this curve between March 14 and March 28.

We obtain |pmar14, mares = 58:1 for restaurant and bar limitations, |pwmar14, marcg = 62:5 for
non-essential business closures, anld:mar14, maregs =  0:5 for stay-at-home orders, and we compute
I + 1.t2 = 851:5. These values imply that restaurant and bar limitations, non-essential business closures,
and stay-at-home orders account for 6.0%, 6.4%, and 0.0% of all Ul claims between March 14 and
March 28, respectively. Under the single-policy event study design, we would have mistakenly inferred
that restaurant and bar limitations, non-essential business closures, and stay-at-home orders account
for 6.7%, 7.6%, and 4.5% of all Ul claims from March 14-28. We conclude that the six NPIs we consider
directly account for 12.4% of the rise in own-state Ul claims during this period and that failing to
control for multiple correlated NPI introductions will tend to in ate the estimated importance of
individual NPIs (in our case, by 6.4 percentage points or just over 50%).

In Appendix G, we use a cluster bootstrap procedure to assess the impact of sampling error on our
share estimate. Once we account for sampling error, we are still able to rule out direct, own-state NPI
e ects above 38% of Ul claims. We also nd that the share estimate for restaurant and bar limitations
exhibits signi cantly more variation than the other policies. Lastly, we nd that the distribution of
the direct, own-state share of Ul claims due to NPIs is robust to whether or not we include spillovers

and whether or not we exclude own-state stay-at-home orders (see Appendix Figures G5 and G6).
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7 Discussion

In March 2020, as the COVID-19 pandemic spread through the U.S., state governments issued emer-
gency declarations, limited business operations, closed schools, and imposed social distancing measures.
At the same time, unemployment insurance claims skyrocketed and reached their highest levels since
1982. In this paper, we present the rst estimates of the combined and individual e ects of six NPIs
on Ul claims. We disentangle the e ects of multiple NPIs using high-frequency Google search data to
proxy for Ul claims, increasing our ability to leverage small di erences in policy timing. We describe a
method and set of assumptions that allows proxies to be used for policy evaluation when data on the
outcome of interest are limited. With the increasing need to measure policy e ects in real time, we
hope that our method will complement new sources of high-frequency proxy data, such as SafeGraph
data for measuring mobility, Google Trends data for measuring online search, and even high-frequency
survey data where the outcomes of interest may need to be proxied using survey questions. Lastly, our
method can be employed in other contexts beyond COVID-19, where assessing the real-time impacts
of multiple di erent frequently changing policies is of rst-order importance.

Our results imply that most of the short-run increase in own-state unemployment wasnot directly
due to the state-level NPIs that we consider. State-level restaurant and bar limitations, non-essential
business closures, stay-at-home orders, large-gatherings bans, school closures, and emergency decla-
rations collectively account for 12.4% of the increase in Ul claims from March 14-28, 2020. Using
high-frequency proxy data, we nd that the di erent policies have heterogeneous e ects. Restaurant
and bar limitations and non-essential business closures account for 6.0% and 6.4% of the 10.2 million
Ul claims led during this period. On the other hand, large-gatherings bans, school closures, and
emergency declarations did not signi cantly impact Ul claims. Stay-at-home orders had signi cant
e ects when considered in isolation, but their e ect disappears after controlling for non-essential busi-
ness closures. These results point to a large role played by direct pandemic e ects, local policies, and
spillovers.

At rst, the idea that NPIs cannot explain most of the increases in Ul claiming seems counter-
intuitive. One may have thought that such policies would be responsible for most or even all of the
economic decline experienced by U.S. states. However, the evidence presented here is consistent with a
growing set of studies that nd state restrictions do not explain a large share of this economic decline.

In the U.S., a number of papers have documented that economic activity began its steep decline prior
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to the introduction of NPIs (Bartik et al., 2020 b; Goolsbee and Syverson, 2020; Murray and Olivares,
2020) and that it has not recovered in states that have relaxed their restrictions (Chetty et al., 2020).
This body of evidence, taken together with the results of our paper, consistently point to a small role
for NPIs in the economic decline that began in March, 2020 as a result of COVID-19. This suggests
that other factors, including declines in consumer demand, local policies, and policies implemented by
private rms and institutions, played a large role in the economic decline and the growth in Ul claims.
Our paper does not directly quantify these alternative hypotheses.

We caution against using our results to infer the impacts of NPIs in all contexts. At the time
of introduction, the exact policy e ects we estimate are conditional on pre-existing expectations and
policies, including the policies of other states. Future relaxations or re-implementations of NPIs may
occur in di erent contexts. For example, if consumer demand were otherwise high when NPIs were
initially implemented, the constraints imposed by the NPIs may have been more binding with larger
economic e ects as a result. We also note that we are identifying short-run impacts of the policies, not
their full impact over a longer time horizon. But our results can inform state policy decisions made
against a similar economic backdrop, for example, as consumer demand remains low due to fears of
contracting or spreading COVID-19.

Our results can be combined with work on the e ectiveness of NPIs on slowing disease spread to
identify NPIs that are e ective but \inexpensive" from the standpoint of unemployment. For example,
Gupta et al. (2020) nd that informational NPIs like emergency declarations and school closures had
the largest e ects on social distancing behavior, whereas we nd that these two NPIs had no detectable

short-term e ects on unemployment.
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Figure 1: Timing of NPIs

Note: Figure shows the distribution of the announcement dates of restaurant and bar limitations,
non-essential business closures, stay-at-home orders, large-gatherings bans, school closures, and
emergency declarations on the diagonal. The o -diagonal scatterplots show the cross-state pairwise
relationship between the announcement dates for each pair of measures. The red lines are linear ts.
The o -diagonal numbers are the corresponding correlation coe cient estimates. For more details,

see Section 3.2.
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Figure 2: Event Study Estimates

(a) Restaurant and Bar Limitations (b) Non-Essential Business Closures
(c) Stay-at-Home Orders (d) Large-Gatherings Bans
(e) School Closures (f) Emergency Declarations

Note: Figure shows event study estimates of the impact of the introduction of restaurant and bar
limitations (Panel (a)), non-essential business closures (Panel (b)), stay-at-home orders (Panel (c)),
large-gatherings bans (Panel (d)), school closures (Panel (e)), and emergency declarations (Panel (f)),
based on Equation (1). The day prior to the announcement is normalized to zero and standard errors
are clustered at the state level. For more details, see Section 5.1.
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Figure 3: Event Study Estimates: Robustness | Summary

Note: Figure summarizes the results of our event study estimates using alternative samples and al-
ternative speci cations, based on Equation 1. We show the coe cient estimate for the day after the
announcement date (day 1) from our event study for each of the NPIs (restaurant and bar limitations,
non-essential business closures, stay-at-home orders, large-gatherings bans, school closures, and emer-
gency declarations). For each NPI, we show our baseline result (in navy), as well as alternative results

(i) excluding California, New York, and Washington, three states hit hard and/early by the pandemic,

(i) weighting states by their total employment, (iii) controlling for case growth and the number of
deaths, (iv) on the sample of states with early rst deahts, (v) on the sample of states with late rst
deaths. For more details, see Section 5.3.
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Figure 4: Dis-aggregating Unemployment E ects by Policy and Pandemic Causes

(a) E ect of Restaurant and Bar Limitations (b) E ect of Non-Essential Business Closures

(c) E ect of Stay-at-Home Orders (d) Time Trend

Note: Figure shows event study estimates of the impact of restaurant and bar limitations (Panel (a),
non-essential business closures (Panel (b)), and stay-at-home orders (Panel (c)), based on Equation
(2) which estimates the impact of the policies jointly. Panel (d) shows estimates of the overall time
trend in Ul search volume. The areas under the curves represent the share of the growth in Ul claims
that we attribute to the NPIs (Panels (a)-(c)) and other pandemic e ects (Panel (d)). The day prior

to the announcement is normalized to zero and standard errors are clustered at the state level. For

more details, see Sections 5.2 and 5.4.
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Figure 5: E ects of NPIs Over Time

Note: Figure shows the average e ects of each NPI over time, weighted across states using each state's
average Ul claims prior to our time period of interest (March 14 through March 28, denoted by the
vertical dashed lines). Weights are proportional to the average number of Ul claims from February 22,
2020 through March 14, 2020 in each state. See Section 5.2 for more details on the underlying event

study speci cation.
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