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A B S T R A C T

Given the unprecedented level and duration of mitigation policies during the 2020 COVID-19 pandemic,
it is not surprising that the public and the media have raised important questions about the potential for
negative mental health consequences of the measures. To answer them, natural variability in policy
implementation across US states and over time was analyzed to determine if mitigation policies
correlated with Google searches for terms associated with symptoms of depression and anxiety. Findings
indicated that restaurant/bar limits and stay-at-home orders correlated with immediate increases in
searches for isolation and worry but the effects tapered off two to four weeks after their respective peaks.
Moreover, the policies correlated with a reduction in searches for antidepressants and suicide, thus
revealing no evidence of increases in severe symptomatology. The policy implications of these findings
are discussed.

© 2020 Elsevier B.V. All rights reserved.

1. Introduction

In the absence of a vaccine, mitigation measures such as stay-
at-home orders (also known as lockdowns or shelter in place
mandates) have been the major device to slow down the staggering
death and morbidity of the COVID-19 pandemic (Anderson et al.,
2020; Lasry et al., 2020; Friedson et al., 2020; Allcott et al., 2020;
Greenstone and Nigam, 2020; Fowler et al., 2020; Courtemanche
et al., 2020; Chen et al., 2020; Devaraj and Patel, 2020; Dave et al.,
2020a, 2020b). However, questions about the negative mental
health impact of mitigation measures have been raised (New York
Times, 2020b, a) and the World Health Organization (WHO)
recommends that governments put mental health “front and
center” when planning their responses (New York Times, 2020b).

Although recent evidence suggests that the number of visits for
depression and anxiety during the pandemic has not increased
relative to the pre-pandemic levels (Trinkl and del Río, 2020),
correlational, often uncontrolled, studies of the psychological
impact of lockdowns during other disease outbreaks have
indicated that quarantines are associated with increased mental
health symptoms (Brooks et al., 2020). Furthermore, two recent
studies attempted to estimate the mental health effects of stay-at-
home orders. First, a simulation using data on time spent alone
from the 2012–2013 American Time Use Survey forecasted likely
negative effects of the imposed isolation on happiness (Hamer-
mesh, 2020). Second, an important study investigated the effects of
stay-at-home orders on mental health symptom related searches
on Google and reported increases in searches on boredom, sadness,
loneliness, and worry (Brodeur et al., 2020). However, how serious
is the mental health impact of the mitigation policies? Does the
mental health impact go beyond feeling anxious or depressed? Is it
long lasting, and does it increase suicide ideation and the need for
medical treatment for depression?

The question of whether the mitigation measures elicit
temporary anxious and depressed feelings, or more permanent
or severe effects is important from a mental health perspective.
According to the DSM-5, major depression involves a change
towards a depressed mood or a loss of interest or pleasure in daily
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activities that lasts for more than two weeks, impairs social,
occupational, and/or educational functioning, and involves at least
5 of the following 9 symptoms present nearly every day: (1)
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epressed or irritable mood most of the day, nearly every day, (2)
ecreased interest or pleasure in most activities, most of each day,
3) significant weight change (5%) or change in appetite, (4)
nsomnia or hypersomnia, (5) psychomotor agitation or retarda-
ion, (6) fatigue or loss of energy, (7) feelings of worthlessness or
xcessive or inappropriate guilt, (8) diminished ability to think or
oncentrate, or greater indecisiveness, and (9) thoughts of death or
uicide, or having a suicide plan (Diagnostic and Statistical Manual
f Mental Disorders (DSM-51), 2013). Importantly, anxiety
ymptoms can co-occur with depression and entail preoccupation
ith past mistakes or failure (i.e., rumination), as well as thoughts
nd fears about the future (i.e., anxious thoughts). Both depressive
nd anxious thoughts can be treated with psychotherapy and
edication, and thoughts of suicide are considered severe and

equire immediate intervention.
One challenge in quantifying the mental health consequences

f the mitigation measures is that it requires a longitudinal analysis
hat can track the relatively rapid changes that mitigation policies
ould produce and the duration of the changes. Although
ongitudinal studies can be carefully planned for anticipated
vents, to the best of our knowledge, no direct, daily measures of
nxiety and depression are available to study the impact of the
olicies. Google Trends, however, can index daily population
oncerns by recording internet searches for a particular term,
elying on Google being the leading search engine and retaining a
ominant market share of all search traffic within the United
tates. Google Trends are normalized over time, can validly gauge
he salience of specific concerns within a region, such as a state,
nd have been found to predict influenza trends (Pelat et al., 2009;
aldivia and Monge-Corella, 2010), HIV (Young and Zhang, 2018;
hang et al., 2018), suicide (Parker et al., 2017), and economic
ctivity (Choi and Varian, 2012; Choi and Varian, 2009).
A substantial proportion of internet users perform online

earches for health information, including information related to
epression and mental disorders (Baker et al., 2003; Lam-Po-Tang
nd McKay, 2010). Moreover, searches for health information are
ore frequent when people have less (vs. more) positive health
ssessments, indicating that searches self-report being concerned
ith health as opposed to feeling healthy (Weaver et al., 2010).
onsistent with associations between these searches and mental
ealth symptoms, the impact of negative economic conditions on
nxiety and depression has been detected through Google searches
or anxiety and depression (Tefft, 2011). Even more relevant to our
roblem, a recent study of searches for boredom, sadness, loneliness,
nd worry suggested that the stay-at-home orders increased these
egative feelings (Brodeur et al., 2020), lending credence to the
ypothesis that this mitigation measure may have affected mental
ealth outcomes. Our study began by including similar searches for
epression and worry, with the expectation that they may become
tronger in states with stay-at-home and other policies during the
ays when the policy was in effect. But our study departed from
ast work by distinguishing searches for depressive and anxious
eelings from searches suggestive of more severe clinical symp-
oms. We additionally examined whether any effect on searches for
epression and anxiety symptoms is long-lasting or temporary.1

Although depressive and anxious feelings may arise during
tay-at-home periods, more significant symptoms may not. In
conomic models, health is produced by lifestyle behaviors, human
apital investments of time, material, and human resources into
ealthy activities, and stochastic shocks (Grossman, 1972). This

and thus may counteract any potential negative health effect of the
mitigation policies (e.g., massive layoffs).2 Indeed, recession-
induced declines in work hours increased the amount of time spent
on home production activities, leisure, child care, education, and
health (Aguiar et al., 2013; Page et al., 2019; Lindo et al., 2018).
Stay-at-home policies could additionally decrease the frequency of
suicide ideation as well as the need to use of antidepressants by
increasing the time spent with family.3 All in all, taking up a hobby,
regular physical activity, and social support traditionally are
associated with better physical health and enhanced psychological
well-being (Stansfeld, 2006; Taliaferro et al., 2009; Paluska and
Schwenk, 2000).

The introduction and lifting of the mitigation measures
naturally varied over time and across states. The directives for
stay-at-home orders began in California in mid-March, with 29
additional states passing the orders by the end of March and
followed by 12 states elected to pass during the April. States
implemented five mitigation measures (i.e., stay-at-home orders,
restaurant/bar limits, non-essential business closures, large
gathering bans, and school closures). Of these policies, stay-at-
home orders are likely to have important mental health
implications because of the increase in isolation and decrease in
social support. We additionally included state of emergency
declarations, school closures, restaurant/bar limits, and non-
essential business closures in our models.

Not all the changes in mental health can be attributed to the
mitigation policies. Historically, infectious diseases have been
responsible for the greatest human death tolls and function as a
major stressor for the population at large. For example, although as
mentioned above, visits to mental health services during the week
of July 12, 2020 did not increase relative to pre-pandemic levels
(Trinkl and del Río, 2020), nearly half of adults reported that worry
and stress over the SARS-CoV-2 virus have negatively impacted
their mental health (KFF, 2020b; Czeisler et al., 2020). This finding
suggests that the epidemic itself can increase mental health
symptoms, which is consistent with the well-known effects of
stress on mental health (Aneshensel et al., 1991; Marin et al., 2011;
Bovier et al., 2004; Creamer et al., 2001; Langner and Michael
Stanley, 1963). Thus, we analyzed the effects of the mitigation
policies using queries between January 1, 2020, and June 30, 2020,
while controlling for the course of the epidemic. In so doing, we
first verified that the policies correlated with searches directly
related to the policies. For example, we investigated how
mitigation policies affected search intensity for locations such as
park, restaurant, or bar. We then correlated the policies with
searches for anxiety, depression, antidepressant, suicide, and various
substances including liquor and cigarette.4

Our research yielded three major results. First, consistent with
prior reports, social distancing policies correlated with an increase
in searches for isolation and worry. However, our second finding
was that the effects on searches for isolation and worry were
temporary and decreased gradually after peaking. Finally, the stay-
at-home order and restaurant/bar limits decreased searches for
antidepressants and suicide. A potential explanation of this finding

2 However, perhaps counter-intuitively, an extensive literature documents that
negative shocks to labor market were associated with reductions in mortality and
improvements in adult health (Ruhm, 2000, 2003; 2005). Ruhm (2015) showed that

the relation between recessions and adult mortality weakened during the Great
Recession but remained pro-cyclical, particularly for deaths due to cardiovascular
disease and transport accidents.
odel then suggests that greater flexibility in time and production
ecisions within the family could lead to improvements in health
1 Brodeur et al. (2020) studied Google searches with a timeframe up to April 10th,
020, thus preventing investigation of the duration of the effects.

3 We note that this does not apply to single member households. Based on the
2019 Current Population Survey only 28% of households report living alone, so on
average stay-at-home orders should increase the time spent with families.

4 We used liquor instead of alcohol to exclude the possibility of searches related to
disinfection during the pandemic.
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is that even though social isolation increased risk factors for
mental health, the stay-at-home order also increased within-home
hours which might promote new routines and greater social
support within the family. Accordingly, we found that searches for
activities such as exercise and cooking were positively associated
with the stay-at-home policy, suggesting that individuals spent
more time with their family.

2. Data

2.1. Mitigation measures

We gathered data on state-by-day COVID-19 mitigation
policies via a systematic policy review.5,6 We used the original
documents issued by the state governments, collected by the
Kaiser Family Foundation to determine the date of implementa-
tion and lifting (when applicable) of stay-at-home policies,
restaurant/bar limits, non-essential business closures, K-12
school closures, and state of emergency declaration (KFF,
2020a). These data appear in Fig. A1.

2.2. Google trends

We measured mental health concerns by obtaining an
indication of daily, state-located search queries on Google
(“Google Trends”, 2020). Google Trends is an unbiased sample
of Google search data and allows users to download informa-
tion about searches for a particular term normalized per search
location (in this case, per state). The normalization controls for
the total volume of internet usage across time and involves: (1)
each data point being divided by the total search volume of the
geography and time range, and (2) scaling the results on a
range from 0 to 100 based on a topic’s proportion over all
searches on all topics. An increase for a given search term
indicates more searches for those terms over the time being
considered.

We used search queries between January 1, 2020, and June 30,
2020, and followed a procedure used by Tefft (2011) and Kahn and
Kotchen (2010) to standardize the exported Google search
indexes for each state across time such that the normalized
distribution for each state across time has a mean of zero and a
variance of one.

We first used a set of terms related to the mitigation
policies, because any impact of the mitigation measures on
mental health is assumed to operate through changes in social
activities. The set involved terms associated with public
activities that the policies are designed to curtail. Specifically,
we obtained data on searches for the terms park, restaurant, bar,
pharmacy, and grocery. The set also included in-home activities
that the orders are designed to promote, such as using Amazon,
delivery, and takeout instead of leaving home to make unnecessary
purchases.

The key set of search terms concerned mental health.
Specifically, we obtained trends for isolation, anxiety, worry, angry,
concentration, insomnia, depression, antidepressant, SSRI, Sertraline,
Prozac, Zoloft, and suicide. We also gathered trends for the terms
associated with substance use, specifically liquor, wine, beer,
cigarette, marijuana, and naloxone.7

2.3. Validation datasets

The validity of using Google searches  for depression and
anxiety has been established previously (Tefft, 2011; Parker
et al., 2017). However, we were interested in understanding
whether Google searches are a valid representation of users’
needs or behaviors studied more frequently than annually (i.e.,
daily or weekly). Our second goal was using Google searches to
verify the impact of the policies on (1) social activities, (2)
medications, and (3) substance use. Therefore, we analyzed the
correlation between Google indexes for several topics with
daily/weekly measures from two supplementary data sources,
Google-released data on community mobility (“COVID-19
Community Mobility Reports”, 2020) and the Nielsen Retailer
Scanner data (“Nielsen Dataset - Kilts Center | Chicago Booth”,
2020), as follows:

1 Google-released aggregated, anonymized daily location data on
movement trends aim to provide insights into changes
following the COVID-19 policies. The data were gathered by
Google from users who have enabled the Location History
setting on their accounts and are used by Google Maps to track
human traffic at various locations. The reports chart movement
trends over time by geographic location, across different
categories of places such as retail and recreation, groceries and
pharmacies, parks, transit stations, workplaces, and residential.
The mobility data allowed us to examine the extent to which
Google searches for social activities correlate with specific daily
mobility measures. Finding that the search index for grocery in
the state of New York correlates the mobility measure for
grocery stores would indicate the validity of the Google search
index.

2 Our second validation dataset came from the Nielsen
Retailer Scanner data which comprises a sample of approxi-
mately 30,000–35,000 retailers, including grocery stores,
drug stores, mass merchandise retailers, and other types of
stores. The volume of each product sold at each store is
recorded weekly. Using the 2018 Nielsen Retailer Scanner
data, we constructed weekly sales of over-the-counter pain-
killers as well as weekly sales of substances.8 In particular, we
calculated weekly units of over-the-counter painkillers,
liquor, beer, and wine sold in a state and correlated them
with the 2018 weekly indexes of Google searches for
headache, liquor, beer, and wine respectively. Finding positive
associations would indicate that searches for headache, liquor,
beer, and wine can be used as a proxy for the volume of
painkillers, liquor, beer, and wine sold, respectively.

2.4. COVID-19 cases

We used publicly available data on confirmed COVID-19
cases from Johns Hopkins University (Dong et al., 2020). The
dataset is a panel at the day-by-state level, with data from a
variety of agencies, including the World Health Organization,
the Centers for Disease Control, state health departments,and
local media reports. Our analyses relied on the logarithm of one
plus the cumulative number of cases and deaths, both to correct
for outliers with a large number of cases and because of the
exponential nature by which the SARS-CoV-2 virus spreads
5 A systematic review was necessary because there were discrepancies in policy
start dates among datasets available in third-party sources (Raifman et al., 2020;
KFF, 2020a).

6 We considered the effective date as the first day on which the policy was in full
effect.

7 We used liquor instead of alcohol to exclude the possibility of searches related to
disinfection during the pandemic.
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make the logarithm normalization optimal.
8 Drugs for treating mental illnesses require prescriptions and thus data on their
sales are not available in the Nielsen Retailer Scanner database.
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. Empirical framework

To estimate the effects of mitigation measures on search
ndexes, we implemented a difference-in-differences (DiD) strate-
y that capitalizes on the staggered rollout of policies across states.
ur approach leveraged variation in the timing of lifting the polices
o investigate how the effects changed once the policies were
ifted. In particular, we estimated the following regression as our
ain equation:

sd ¼ a þ
X

j

bj mandatejsd þ
X

j

g j lif tjsd þ ds þ dd þ esd; ð1Þ

here Ysd is the Google search index in a given state s and day d,
andatejsd indicates whether state-wide mandate j (i.e., stay-at-
ome orders, restaurant/bar limits, and non-essential business
losures) is active on a given day and lif tjsd indicates whether policy
has been lifted. We additionally include state-by-day school
losures and state of emergency declaration. Finally, ds and dd are
tate and day fixed effects, respectively, and esd is a random error
erm. Standard errors are clustered at the state to correct for
ithin-state correlation in outcomes (Bertrand et al., 2004). State
xed effects were included to control for time-invariant unob-
ervable state characteristics that may affect outcomes, whereas
ay fixed effects were included to absorb unobservable shocks that
re common across states. In this model, bj is the effect of
ntroducing mitigating policy j and g j is the effect of lifting it.

As is standard in DiD models, identification relies on the
common trend assumption” that, in the absence of the policy,
utcomes in the “treated” states would have evolved as in the
untreated” states. We assessed the plausibility of this identifying
ssumption using an event study type model specifying a full set of
olicy leads to determine whether the policies were endogenously
mplemented in response to previous trends. We replaced each
ingle policy indicator variable with a series of indicator variables

in which mandatekmsd is a dummy variable equal to 1 if the mandate
m has been implemented for k periods,
k ¼ f< �10; � 10; � � � ; 0; 1; � � � ; 10; > 10g, or is zero otherwise,
with the day before the implementation of the mandate (k ¼ �1)
as the omitted category. Also, we present event study figures for
lifting each of the mitigation measures on the sample of states that
mandated the policy. In the event study for each policy (either
mandate or lift), we included all control variables as defined in
Eq. (1) including binary variables on the implementation and
lifting policy j in the regression model.

Finally, we estimated a distributed lag model to examine the
dynamic effects of the mitigation policies. As seen in Fig. A1,
because of the gradual implementation of the measures, we are
unable to disentangle the dynamic effect of each of the policies. For
this reason, we limited the main effects of interest to the mandate
of the first major mitigation policy in a state (i.e., either stay-at-
home order, restaurant/bar limits, or non-essential business
closure), the last mandate, and the first lift. Because the median
difference between the last mitigation policy and the first lift
across states was 42 days, we included two 2-week lagged effects
of the last mandate (i.e., a 2-week lagged, and a 4-week lagged). We
additionally included a 2-week lagged effect of the first lift.

4. Results

4.1. Validation of google trends data

First, to understand whether daily Google searches represent
the intention to visit a given place (e.g., a grocery store) or perform
a given behavior on the day of a search, we correlated daily Google
searches and Google-released mobility data. Visual representa-
tions of trends in Google searches for park and pharmacy/grocery
along with community mobility are depicted in Figs. A2 and A3
respectively. As seen in both graphs, the Google Trends data
strongly resembled community mobility. Importantly, the corre-

ig. 1. Association between Google search activity and community behavior.
otes: The first two figures in the first row (Park and Pharmacy/Grocery) display the correlation between state-by-day Google Trends data and Google released community
obility. The third figure in the first row (Headache) displays the correlation between state-by-week Google Trends data and sales of painkillers as calculated from the Nielsen
etailer Scanner data. The last three figures in the second row display the correlation between state-by-week Google Trends data and alcohol-units sold as calculated from the
ielsen Retailer Scanner data.
epresenting the number of periods relative to policy implemen-
ation. To estimate the dynamic effect of a policy around the timing
f its implementation, we estimated the following model:

sd ¼ a þ
X

k

bk
mmandatekmsd þ

X

j 6¼m

bj mandatejsd þ
X

j

g j lif tjsd

þ ds þ dd þ esd; ð2Þ
4

lation between state-by-day mobility data and Google searches for
park and pharmacy/grocery in Fig. 1 led to the conclusion that
Google Trends, which provide a broad spectrum of keywords
beyond mobility data, had convergent validity.

Second, we were interested in validating the degree to which
Google searches for health symptoms are meaningful
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representations of users’ health conditions. Fig. A4 suggests that
weekly searches for headache and weekly sales of painkillers
calculated from the 2018 Nielsen Retailer Scanner data had similar
trends. As with the searches for park and pharmacy/grocery, the
correlation between state-by-week Google searches for headache
and painkillers’ sales in Fig. 1 confirms the validity of Google
Trends as a measure of specific health concerns within a region.

Finally, Figs. A5 through A7 depict the similar weekly trends of
Google searches for liquor, beer, and wine and weekly data on the
sold units of liquor, beer, and wine. Importantly, the correlation
between Google searches and sales data on three types of alcoholic
beverages presented in Fig. 1 suggests that keyword searches for
substances correlated with alcoholic-beverage sales.

4.2. Effects on searches for public locations

Before presenting our estimated effects of the mitigation
policies on Google searches for mental health, we first examined

business closure), whereas in Panel (b) the horizontal axis
represents weeks relative to the date each state began to lift
mitigation policies. These graphs suggest that Google searches for
public places such as park, restaurant, bar, and pharmacy dropped
immediately after the introduction of mitigation policies. At the
same time, searches for Amazon, delivery, and takeout rose. These
effects tapered off gradually, but most indexes did not cross zero
until a few weeks past the order’s lift.

Before we begin the discussion of the regression testing the
relations between mitigation policies and the daily search indexes
for various locations, we tested for the equality of pre-policy trends
using the event study method in Eq. (2). In Fig. 2, we plot the day-
by-day coefficients from the models for restaurant/bar limits (both
mandate and lift) and the corresponding 95 % confidence
intervals.9 Fig. 2a suggests that the coefficients on the pre-policy
dummies were generally non-significant for the majority of
outcomes (except restaurant). Likewise, Fig. 2b suggests that we
cannot reject the null hypothesis of equal trends for the majority of

Fig. 2. Event study of restaurant/bar limits and reopening on searches for public locations.
Panel a. Around the timing of mandate.
Panel b. Around the timing of lift.
Notes: Standard errors are clustered at the state level and coefficients are shown with 95 % confidence intervals.
9 The analogous event study figures for stay-at-home orders and non-essential
business closures are presented in Figs. A9 and A10.
whether the mitigation policies affected Google searches for public
places.

Fig. A8 presents trends in state-level Google searches for
various public locations. In Panel (a), the horizontal axis represents
weeks relative to the first major mitigation policy in a state (i.e.,
either stay-at-home order, restaurant/bar limits, or non-essential
5

our indexes (except restaurant and grocery). These results thus
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rovide reassuring evidence that the key assumption of the DiD
tudy design was generally satisfied.
In Table 1, we present our DiD estimates based on Eq. (1). Three

ets of results are important. First, as shown in the first and third
olumns of Table 1, stay-at-home orders and restaurant/bar limits
ere significantly associated with decreased searches for park,
estaurant, and bar. Second, restaurant/bar limits and to some
xtent stay-at-home orders were significantly associated with
ncreased searches for Amazon, delivery, and takeout. Third,
elaxing stay-at-home, restaurant/bar limits, and, to some extent,
on-essential business closures, had offsetting effects on the
earch indexes for public locations.
Taken together, these results are consistent with documented

vidence that mitigation measures were effective at reducing
hysical activities by reducing mobility and shifting consumer
atterns from person shopping to delivery and online platforms
Dave et al., 2020a, 2020b; Sears et al., 2020; Abouk and Heydari,
020). As a result, the mitigation measures increased the amount
f time Americans spent at home.

.3. Effects of mitigation policies on searches for terms associated with
ental health

In this section, we turn our attention to the searches for
erms concerning mental health, which were the focus of our
tudy. We start our analysis by presenting trends in Google
earches for mental health in Fig. A11. Notably, Google searches
or mental health symptoms such as isolation and worry spiked
fter the implementation of the first major mitigation policy. This
nding is consistent with a recent survey in early April, which
oncluded that depression symptoms increased during the
andemic (Ettman et al., 2020). However, the trends in Google
earches also indicate that these increases were temporary and fell
fter their respective peaks. This short duration is consistent with

as antidepressant, Sertraline, Prozac, Zoloft, and suicide dropped as a
result of the mitigation policies.

Event study figures for search indexes for mental health from
the models for restaurant/bar limits are presented in Fig. 3.10

Fig. 3a presents the day-by-day coefficients from the models for
restaurant/bar limits and the corresponding 95 % confidence
intervals, whereas Fig. 3b presents the analogous coefficients and
the corresponding confidence intervals from the models for
relaxing restaurant/bar limits. Although limited precision in the
estimated effects makes it difficult to identify the extent to which
the effects vary over time, the point estimates of the policy leads
for both the mental health and substance use indexes in the models
for restaurant/bar limits were not significant (except angry).
Likewise, as seen in Fig. 3b, there is not any divergence in trends
prior to the date when the policies were lifted (except concentra-
tion and anxiety). These results thus confirmed the validity of our
DiD framework.

Table 2 presents DiD estimates for Google searches for mental
health. The first column of Table 2 indicates that stay-at-home
orders were associated with an increase in the isolation and worry
indexes but with a decrease in searches for antidepressant,
Sertraline, and Zoloft. Similarly, restaurant/bar limits were posi-
tively associated with searches for isolation and worry, but
negatively associated with searches for Sertraline, Prozac, and
suicide. Surprisingly, non-essential business closures seem to have
a limited effect. Presumably, because many private businesses
began their response to the pandemic prior by closing or limiting
activity prior to state-wide non-essential business closures
(Aaronson et al., 2020). Finally, there were generally no adverse
effects of any of the policies on the substance use indexes.11 The
one exception was that restaurant/bar limits significantly in-
creased searches for liquor. However, this finding is consistent with

able 1
ffects of the mitigation measures on Google searches for public locations.

Stay-at-home Restaurant limit Business closure

Implement Lift Implement Lift Implement Lift N

Park �0.304*** 0.169** �0.352*** 0.171** 0.059 0.042 9282
(0.10) (0.07) (0.09) (0.08) (0.10) (0.07)

Restaurant �0.227** �0.025 �0.148 0.460*** 0.033 0.140*** 9282
(0.10) (0.05) (0.09) (0.06) (0.10) (0.05)

Bar �0.277** 0.034 �0.368*** 0.375*** 0.075 0.104* 9282
(0.13) (0.06) (0.12) (0.06) (0.11) (0.06)

Pharmacy �0.099 �0.043 �0.041 0.186** 0.066 0.148*** 9282
(0.11) (0.06) (0.11) (0.08) (0.12) (0.06)

Grocery �0.015 �0.012 0.145 0.079* �0.016 0.025 9282
(0.07) (0.04) (0.09) (0.04) (0.08) (0.03)

Amazon 0.216 �0.081 0.271*** �0.102 0.111 �0.079 9282
(0.13) (0.06) (0.08) (0.07) (0.12) (0.06)

Delivery 0.244*** �0.080** 0.331*** 0.055 �0.075 0.061 9282
(0.07) (0.03) (0.07) (0.03) (0.08) (0.04)

Takeout 0.095 �0.108*** 0.360*** �0.267*** 0.012 �0.027 9282
(0.08) (0.04) (0.10) (0.05) (0.09) (0.05)

otes: Each row reports regression coefficients from a linear regression model, weighted by state population in 2019. In addition to the listed variables, we control for
dicators for school closures and state of emergency, state and day fixed effects. Standard errors in parentheses are clustered at the state level.
*** p < 0.01.
** p < 0.05.
* p < 0.1.
10 The analogous event study figures from the models for stay-at-home orders and
non-essential business closures are presented in Figs. A12 and A13.
11 Likewise, we found no associations of any of the policies with the search indexes
associated with illegal drugs (i.e., Cocaine, Heroin, and Crack). However, we do not
report these results because we lack evidence that the search indexes for illegal
drugs are a meaningful representation of drug use. These results are available upon
request.
vidence suggesting that the number of visits for depression and
nxiety in July was not higher than the corresponding number a
ear before the pandemic (Trinkl and del Río, 2020). Furthermore,
espite increasing trends for Google searches for mental health
ymptoms in the weeks following the policy implementation,
oogle searches for more severe psychopathology keywords such
6
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a shift from purchasing alcohol at bars and restaurants to
purchasing alcohol from stores.

Next, to examine the dynamic effect of the mitigation policies,
we present the results from a distributed lag model. As discussed in
the Methods Section, we restricted our attention to the first major
mitigation policy, the last major policy, and the first lift. These
results are reported in Table 3. Consistent with the graphical
evidence in Fig. A11, mitigation policies produced an immediate
increase in Google searches for mental health symptoms such as
isolation and worry. Also, the estimated coefficient on the first 2-
week lag and the second 2-week lag of the mandate suggest that
the increases fell after 2–4 weeks after their spike. Importantly, the
sum of coefficients on the contemporaneous and lagged terms
resulted in a statistically imprecise positive effect suggesting that

the negative-feeling increases were transitory, and after 2–4 weeks
were statistically indistinguishable from their pre-mandate levels.
In contrast, the effects of the mitigation policies on searches for
suicide in the lagged models reproduced our prior findings (see
Table 2).

We next investigated whether the effects differed across states
with longer versus shorter time of mitigation policy (i.e., the first
lift minus the first major mandate). Fig. A14 presents weekly trends
in Google searches by the duration of the policy (short and long
holders) and suggests similar trends for the two sets of states prior
to the implementation of the policy. Likewise, both groups of states
experienced similar upticks in the growth of mental health
symptoms, as well as similar declines in searches for antidepressant
and suicide. This result is consistent with the observation that any
Fig. 3. Event study of restaurant/bar limits and reopening on searches for mental health.
Panel a. Around the timing of mandate.
Panel b. Around the timing of lift.
Notes: Standard errors are clustered at the state level and coefficients are shown with 95 % confidence intervals.

7
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ffects of mitigation policies were temporary and fell after 2–4
eeks. As a result, the length of the duration of the mitigation
olicies, which varied between 29 and 81 days did not matter.
We next examined the sensitivity of our DiD results to

odifications of the model by sequentially adding controls to
he benchmark specification. First, the results were robust to the
nclusion of state-specific weekly trends (Table A1). Second, even
hough the onset and duration of mitigation measures might be
riven by the incidence of the COVID-19 cases (for example, see,
Dave et al., 2020a) adding the number of COVID-19 cases to the
enchmark model did not alter our findings (Table A2).
Finally, our analysis may be compromised if the errors of each

report p-values representing the probability of rejecting the null
hypothesis of at least one type I error across the outcomes. We
rejected the hypothesis that the effects of either stay-at-home
orders or restaurant/bar limits on different search indexes were
jointly equal to zero. Second, we calculated p-values using the
“wyoung” Stata command developed by Jones et al. (2020), which
calculates Westfall-Young step-down adjusted p-values to allow
for dependence amongst outcomes. The adjusted p-values using
this conservative approach are reported in Table A4. Although
some estimates were not statistically significant when adjusting
the p-values to account for multiple hypothesis testing, the
qualitative conclusions remained robust.

Fig. 3. (Continued)
quation were correlated, which would make our t-tests not
tatistically independent from each other. To account for multiple
ypothesis bias, we used two approaches. First, we estimated a
eemingly Unrelated Regression (SUR) and evaluated the com-
ound null hypothesis that the effects are jointly equal to zero
Simon et al., 2017; Dave and Kaestner, 2009). In Table A3, we
8

4.4. Effects of mitigation policies on searches for other drugs

In the above section, we presented evidence that the
mitigation policies correlated with reduced searches  for
antidepressants. Although we cannot fully understand the
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causal mechanisms underlying this pattern, we were interested
in determining whether these effects were unique to anti-
depressants or represented a more general trend of decreased
searches for medications in general. For example, the pandemic
might have led to fewer prescriptions due to physician office
closures or to reduced affordability affecting all drugs. In this
context, Fig. A15 presents weekly trends in Google searches for
prescription drugs in other classes. These drugs were selected
from a list of top-selling drugs in the US. As shown, the searches
for the majority of these other drugs appear to not change as a
result of the mitigation policies.

Table 4 shows the average effects of the mitigation policies on
searches for other prescription drugs using our baseline DiD model
in Eq. (1). As suggested by the trends in Fig. A19, the mitigation
policies had no effect on the searches for the majority of the drugs
and actually increased searches for Zestril, Losartan, and Flonase

4.5. Effects of mitigation policies on home activities

We last tested whether changes in leisure and home production
activities help to combat negative feelings and plausibly explain
the reduction in searches for antidepressants and suicide. To test
this hypothesis, we analyzed changes in search indexes for home
activities assuming that the mitigation measures increased within-
home hours and individuals had greater flexibility in time
allocation for socially supportive and health producing activities.
Specifically, we obtained search indexes for Netflix, recipe, sex,
game, exercise, and gardening and estimated our baseline DiD
model in Eq. (1). These results are reported in Table 5 and suggest
that restaurant/bar limits and stay-at-home orders increased
searches on recipe, exercise, Netflix, and gardening.12 In the context

Table 2
Effects of the mitigation measures on Google searches for mental health and substance use.

Stay-at-home Restaurant limit Business closure N

Implement Lift Implement Lift Implement Lift

Isolation 0.120* �0.02 0.218** 0.003 0.129 0.060 9282
(0.07) (0.05) (0.11) (0.05) (0.11) (0.04)

Worry 0.096* 0.012 0.167** 0.029 0.045 0 9282
(0.06) (0.06) (0.07) (0.07) (0.09) (0.06)

Anxiety 0.023 0.021 0.066 0.011 0.044 0.002 9282
(0.07) (0.06) (0.09) (0.06) (0.09) (0.06)

Concentration �0.089 �0.041 �0.098 �0.131 0.089 0.064 9282
(0.10) (0.07) (0.08) (0.08) (0.10) (0.06)

Fatigue 0.034 �0.135*** 0.086 �0.031 �0.05 0.016 9282
(0.06) (0.04) (0.05) (0.07) (0.07) (0.06)

Angry 0.071 �0.113** �0.101 0.007 �0.09 0.03 9282
(0.06) (0.05) (0.07) (0.06) (0.08) (0.05)

Insomnia �0.031 �0.013 �0.035 �0.021 �0.079 �0.049 9282
(0.05) (0.05) (0.07) (0.05) (0.07) (0.04)

Depression 0.012 �0.083 0.079 �0.140** 0.11 0.111* 9282
(0.09) (0.06) (0.09) (0.06) (0.10) (0.06)

SSRI �0.096* �0.005 �0.134 �0.008 �0.057 0.06 9282
(0.06) (0.06) (0.09) (0.05) (0.07) (0.05)

Antidepressant �0.083* 0.008 0.029 �0.036 �0.019 �0.06 9282
(0.05) (0.05) (0.07) (0.05) (0.07) (0.05)

Sertraline �0.116** �0.02 �0.160** 0.057 �0.007 0.019 9282
(0.06) (0.05) (0.07) (0.06) (0.08) (0.05)

Prozac 0.07 �0.048 �0.188* 0.055 �0.095 �0.017 9282
(0.06) (0.05) (0.10) (0.05) (0.07) (0.05)

Zoloft �0.115* 0.046 �0.125 �0.03 0.126 0.067 9282
(0.07) (0.06) (0.08) (0.06) (0.08) (0.06)

Suicide �0.096* �0.02 �0.233*** 0.054 �0.052 0.055 9282
(0.06) (0.05) (0.09) (0.05) (0.08) (0.06)

Liquor 0.085 �0.005 0.369*** 0.001 �0.215** �0.025 9282
(0.07) (0.05) (0.09) (0.05) (0.09) (0.05)

Wine 0.174* �0.072 0.023 �0.032 �0.094 �0.111** 9282
(0.09) (0.05) (0.06) (0.06) (0.09) (0.04)

Beer �0.087 0.02 �0.146** 0.110** 0.071 �0.110** 9282
(0.07) (0.04) (0.06) (0.05) (0.07) (0.04)

Cigarette �0.114* 0.08 �0.046 0.038 0.056 �0.048 9282
(0.07) (0.05) (0.06) (0.05) (0.07) (0.05)

Marijuana �0.076 0.018 0.039 �0.046 �0.004 0.089 9282
(0.10) (0.05) (0.10) (0.06) (0.11) (0.06)

Naloxone �0.033 0.039 0.016 �0.049 0.012 �0.043 9282
(0.06) (0.05) (0.08) (0.06) (0.07) (0.04)

Notes: Each row reports regression coefficients from a linear regression model, weighted by state population in 2019. In addition to the listed variables, we control for
indicators for school closures and state of emergency, state and day fixed effects. Standard errors in parentheses are clustered at the state level.

*** p < 0.01.
** p < 0.05.
* p < 0.1.
12 To assess multiple inferences while accounting for correlations among the
outcomes, we estimated models using SUR. This model evaluated the null
hypothesis that the effects are jointly equal to zero. We rejected the hypothesis that
the effects of either stay-at-home orders or restaurant/bar limits were jointly equal
to zero (p<0.001). In addition, Table A5 reports adjusted p-values to account for
multiple hypothesis testing using “wyoung” Stata command.
(except marginally significant negative effect on Amoxicillin). We
concluded that the decreases in searches for antidepressants were
unlikely due to either physician office closures or reduced
affordability. In fact, medications that require a prescription, like
Losartan, increased in use, and generally any changes in medication
use after the mitigation policies involved increases.
9
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f the previous findings, these results provide suggestive evidence
hat the temporary increase in within home hours following
itigation policies allowed individuals to undertake activities such
s exercise, to spend time relaxing, or to spend time with family.
hese activities helped to adapt behaviorally to new circumstances
nd potentially offset any negative effects of the isolation, and
erhaps also decreased searches for antidepressants and suicide.

. Discussion and conclusion

The US response to the current COVID-19 pandemic has
ntailed a number of mitigation measures to reduce the
ransmission of the SARS-CoV-2 virus. Early evidence suggested
hat the measures were effective in reducing population mobility
nd consequently reducing the number of COVID-19 cases (Abouk
nd Heydari, 2020; Friedson et al., 2020; Sears et al., 2020; Lasry
t al., 2020). However, prior research has not fully ascertained the

and anxious feelings from more severe symptoms such as the need
for medications or thoughts of suicide. We additionally character-
ized the temporal trajectory of the symptoms to understand the
effects’ duration.

Results from our DiD model indicated that mitigation measures,
in particular state-wide stay-at-home orders and bar/restaurant
limits, were positively associated with the search indexes for
mental health symptoms but do not suggest durable effects. We
also found that searches for suicide and mental medications such as
Prozac and Zoloft decreased as a function of the mitigation
measures. A potential explanation of the reduction in the searches
for mental medications is that during temporary lockdowns
increases in within-home hours and greater flexibility in time
allocation (e.g., remote-work) made it more feasible to undertake
within-home activities, exercise, or consume a healthy diet. For
example, we found evidence that stay-at-home orders increased
searches on recipe, exercise, and movie, all activities that can

able 3
istributed lagged effects of mitigation measures on Google searches for mental health.

First mandate Last mandate Mandate lag 1 Mandate lag2 Lift Lift lag 1 N

Isolation 0.264* 0.111 0.068 �0.136* 0.019 �0.003 7752
(0.16) (0.13) (0.07) (0.08) (0.04) (0.06)

Worry 0.136* 0.114 �0.142** �0.02 0.018 0.087 7752
(0.08) (0.09) (0.07) (0.09) (0.05) (0.06)

Anxiety 0.023 0.112 �0.021 0.029 0.003 0.005 7752
(0.10) (0.10) (0.07) (0.07) (0.06) (0.06)

Concentration �0.190* 0.061 0.091 0.121 �0.114** �0.039 7752
(0.11) (0.09) (0.09) (0.10) (0.06) (0.08)

Fatigue 0.073 0.046 0.015 �0.021 �0.178*** 0.06 7752
(0.08) (0.08) (0.06) (0.07) (0.05) (0.05)

Angry 0.019 �0.111* �0.133* 0.092 �0.058 0.002 7752
(0.10) (0.06) (0.09) (0.10) (0.06) (0.05)

Insomnia �0.073 �0.043 0.112* �0.003 �0.024 0.033 7752
(0.10) (0.08) (0.07) (0.08) (0.06) (0.05)

Depression 0.088 0.145* �0.114* 0.087 �0.091 �0.014 7752
(0.12) (0.09) (0.08) (0.08) (0.06) (0.08)

SSRI �0.157 �0.045 0.029 0.074 0.01 �0.028 7752
(0.11) (0.07) (0.06) (0.08) (0.06) (0.05)

Antidepressant 0.123 �0.159** 0.085 �0.057 �0.079 �0.018 7752
(0.09) (0.08) (0.07) (0.08) (0.06) (0.06)

Sertraline �0.014 �0.129* 0.033 �0.013 �0.024 0.099* 7752
(0.09) (0.08) (0.08) (0.06) (0.06) (0.06)

Prozac �0.082 �0.017 �0.08 �0.032 �0.038 0.024 7752
(0.12) (0.10) (0.08) (0.08) (0.04) (0.05)

Zoloft �0.004 �0.068 0.097 0.034 0.002 �0.008 7752
(0.08) (0.07) (0.07) (0.06) (0.05) (0.06)

Suicide �0.083 �0.132* �0.132** �0.103 0.042 0.008 7752
(0.11) (0.08) (0.07) (0.07) (0.06) (0.06)

Liquor 0.394*** �0.054 �0.046 �0.128** 0.026 0.008 7752
(0.11) (0.10) (0.10) (0.06) (0.05) (0.04)

Wine 0.064 0.042 �0.011 �0.095 �0.155** 0.153*** 7752
(0.08) (0.07) (0.09) (0.06) (0.06) (0.05)

Beer �0.182** �0.115 �0.037 �0.095* 0.077** 0.123** 7752
(0.08) (0.07) (0.06) (0.05) (0.04) (0.05)

Cigarette �0.047 0.059 �0.065 0.021 0.097* 0.082 7752
(0.08) (0.09) (0.07) (0.07) (0.05) (0.06)

Marijuana 0.129 �0.041 0.088 �0.023 �0.012 0.007 7752
(0.14) (0.11) (0.07) (0.07) (0.05) (0.05)

Naloxone 0.055 �0.033 0.024 �0.015 0.026 �0.001 7752
(0.10) (0.08) (0.09) (0.08) (0.06) (0.05)

otes: Each row reports regression coefficients from a linear regression model, weighted by state population in 2019. In addition to the listed variables, we control for state
nd day fixed effects for each regression. Standard errors in parentheses are clustered at the state level.
*** p < 0.01.
** p < 0.05.
* p < 0.1.
mpact of these policies on the mental health of the population.
lthough some evidence suggested an increase in mental health
ymptoms such as depression and anxiety (New York Times,
020b, a; Brodeur et al., 2020), the severity of the effect has not
een studied. Hence, our study investigated the impact of
itigation policies on mental health, distinguishing depressive
1

improve mood and sustain health.
Our study has limitations. First, notably, our data sources did

not allow us to investigate effect heterogeneity with respect to
population characteristics such as age, education, income, or
health status. This limitation is important because certain
subpopulations, including children and young people isolated
0
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Table 4
Effects of mitigation measures on Google searches for other drugs.

Stay-at-home Restaurant limit Business closure N

Implement Lift Implement Lift Implement Lift

Acetaminophen 0.031 �0.048 0.029 0.041 �0.024 0.076 9282
(0.09) (0.05) (0.12) (0.08) (0.12) (0.05)

Vicodin �0.074 �0.007 �0.114 0.03 0.045 0.100** 9282
(0.05) (0.05) (0.07) (0.05) (0.07) (0.04)

Synthroid 0.042 �0.044 0.013 0.100* �0.007 0.007 9282
(0.07) (0.05) (0.05) (0.06) (0.08) (0.05)

Amoxicillin �0.042 �0.008 �0.165* 0.082 �0.055 0.098 9282
(0.13) (0.06) (0.09) (0.07) (0.13) (0.06)

Zestril 0.136** 0.015 0.108 0.073 �0.004 0.041 6370
(0.06) (0.05) (0.13) (0.06) (0.07) (0.05)

Atorvastatin �0.038 �0.001 �0.121 0.045 �0.011 0.028 9282
(0.08) (0.05) (0.09) (0.05) (0.08) (0.05)

Prinivil �0.012 0.069 0.206 �0.013 �0.073 �0.007 4732
(0.09) (0.05) (0.12) (0.06) (0.09) (0.06)

Norvasc �0.03 �0.049 �0.117 0.114* �0.105 0.034 8918
(0.04) (0.04) (0.09) (0.06) (0.07) (0.05)

Omeprazole 0.031 �0.061* �0.035 0.061 0.01 0.027 9282
(0.04) (0.03) (0.08) (0.06) (0.06) (0.04)

Prilosec 0.071 0.011 �0.107 �0.059 �0.028 0.005 9282
(0.06) (0.06) (0.07) (0.06) (0.07) (0.05)

Zocor 0.049 �0.039 �0.063 �0.018 �0.01 �0.006 8554
(0.07) (0.05) (0.09) (0.05) (0.09) (0.05)

Losartan 0.055 �0.056 0.234** 0.106* �0.006 0.011 9282
(0.07) (0.04) (0.09) (0.06) (0.09) (0.05)

Proair 0.005 0.018 �0.035 �0.009 0.006 0.064 8736
(0.08) (0.05) (0.10) (0.05) (0.08) (0.05)

Ventolin 0.104 �0.028 0.001 0.08 �0.005 0.001 9282
(0.07) (0.05) (0.09) (0.05) (0.09) (0.04)

Flonase 0.065 0.047 0.229*** �0.117* �0.094 0.007 9282
(0.09) (0.06) (0.08) (0.07) (0.09) (0.06)

Tenormin 0.096 0.015 0.144 0.023 �0.043 �0.008 5642
(0.09) (0.05) (0.14) (0.07) (0.12) (0.05)

Atenolol �0.053 0.097* �0.07 �0.046 0.026 �0.006 9282
(0.06) (0.05) (0.05) (0.06) (0.06) (0.06)

Notes: Each row reports regression coefficients from a linear regression model, weighted by state population in 2019. In addition to the listed variables, we control for
indicators for school closures and state of emergency, state and day fixed effects for each regression. Standard errors in parentheses are clustered at the state level.

*** p < 0.01.
** p < 0.05.
* p < 0.1.

Table 5
Effects of mitigation measures on Google searches related to home activities.

Stay-at-home Restaurant limit Business closure N

Implement Lift Implement Lift Implement Lift

Netflix 0.122* �0.062* 0.180*** �0.044 0.033 �0.047 9282
(0.07) (0.04) (0.07) (0.04) (0.06) (0.03)

Recipe 0.167** �0.102** 0.193*** �0.107** 0.072 �0.070* 9282
(0.07) (0.04) (0.06) (0.05) (0.08) (0.04)

Exercise 0.184*** �0.164*** 0.255** �0.061 0.079 �0.012 9282
(0.06) (0.06) (0.10) (0.07) (0.15) (0.06)

Game 0.155 �0.065* 0.048 0.034 0.157* 0.047 9282
(0.11) (0.04) (0.06) (0.04) (0.09) (0.04)

Sex 0.034 0.002 0.169* 0.068 0.022 �0.045 9282
(0.06) (0.05) (0.11) (0.05) (0.07) (0.05)

Gardening 0.066 �0.043 0.219*** �0.202** 0.040 �0.058 9282
(0.1) (0.07) (0.06) (0.07) (0.08) (0.07)

Notes: Each row reports regression coefficients from a linear regression model, weighted by state population in 2019. In addition to the listed variables, we control for
indicators for school closures and state of emergency, state and day fixed effects for each regression. Standard errors in parentheses are clustered at the state level.

*** p < 0.01.
** p < 0.05.
* p < 0.1.
from friends and school, are more vulnerable to mental distress
(New York Times, 2020b, a; KFF, 2020b). As another example, the
prevalence of depression may increase for older adults who are
more likely to live alone or to require home health care at a time
when the mitigation policies limit their interactions with
11
caregivers and family. Likewise, existing mental illness may be
exacerbated by the pandemic, as populations suffering from a
mental illness may not have the same access to mental health
services. Second, our findings are based on the Google Trends data
rather than direct measures of symptoms or population behavior.
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owever, our results were robust to the inclusion of both COVID-19
ases and state-specific linear time trends, and were not present
or physical health keywords unrelated to COVID-19
Appendix Table A6), thus providing evidence that our findings
re not driven by unobserved state population characteristics that
ight have increased all health-related Google searches.
Despite these limitations, the findings in this study have

mportant policy implications. Our findings showed that even
hough the mitigation measures increased negative feelings of
solation or worry, the effects were mostly transient and did not
nvolve increases in more severe psychopathology, such as clinical
epression, or suicide ideation/plans. We thus concluded that the
sychological distress following the COVID-19 policies is likely to
e low compared to the health benefits of mitigating the COVID-19
andemic. We hope that these mental health toll estimates can be
seful in planning optimal policy responses to the pandemic. One
ossible response is to segment policy and allow exemptions for
opulations whose mental health risks are higher, while allowing
he general population to shelter in place. Implementing inter-
entions aimed at increasing social connection and social support
uch as tele-mental health services might be an important
echanism for addressing the potential negative psychological
onsequences of the pandemic (Reger et al., 2020).
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