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Abstract

The coronavirus outbreak has caused significant disruptions to people’s lives.
We exploit variation in lockdown measures across states to document the impact
of stay-at-home orders on mental health using real time survey data in the US.
We find that the lockdown measures lowered mental health by 0.083 standard
deviations. This large negative effect is entirely driven by women. As a result of
the lockdown measures, the existing gender gap in mental health has increased by
61%. The negative effect on women’s mental health cannot be explained by an
increase in financial worries or childcare responsibilities.
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1 Introduction

The outbreak of the Covid-19 pandemic has caused significant disruptions to people’s
lives. To slow the spread of the disease, lockdown measures have been put in place that
limit people’s ability to leave their homes and interact with others. How these measures
impact people’s mental health is a major public health concern.

We study the impact of state-wide stay-at-home orders on mental health in a large
sample of the economically active population in the United States. We use three waves
of geographically representative survey data collected in the United States in March,
April, and May 2020, with a total of 12,010 respondents. While at the time of our first
survey wave only 14 states had stay-at-home orders in place, this number rose to 40
by the time we ran our April survey. By end of May 2020, 24 states had eased the
stay-at-home orders. We exploit this cross-sectional variation in the implementation of
stay-at-home orders to study the effect of these measures on mental health. To measure
mental health, we administer the WHO 5-question module, which is a validated mental
health measure that has been used in a variety of different contexts (see, e.g., Bech
et al. 2003; Krieger et al. 2014; Downs et al. 2017).

Several findings emerge from our study. First, state-wide stay-at-home orders led
to a significant reduction in self-reported mental health. By mid-April, the mental
health scores of individuals living in states with stay-at-home orders in place were
0.083 standard deviations lower than the mental health scores of individuals in states
that had not issued such orders (p-value=0.012). We perform placebo tests to rule out
that individuals in states that issued such orders had systematically different mental
health scores at baseline. Focusing on the subset of states which had not introduced
lockdown measures in late March, we find no significant differences in mental health
scores between states that were to introduce such measures by mid-April and those
that did not introduce them. By mid-April, however, we clearly see the gap in mental
health scores emerging. When we pool all three survey waves and exploit changes in
lockdown status over time, we similarly find a significant negative impact of being in
lockdown on self-reported mental health.

Second, the impact of state-wide stay-at-home orders on mental health varies signif-
icantly by gender. By mid-April, as a result of the stay-at-home orders, the gender gap
in mental health increased from 0.21 to 0.34 standard deviations, constituting a 61%
increase in the mental health gender gap. Surprisingly, we find that the significant neg-
ative impact of state-wide stay-at-home orders on mental health scores is entirely driven
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by women. The estimated impact of stay-at-home orders on women’s self-reported men-
tal health is -0.123 standard deviations (p-value=0.011), while the estimated impact
on men’s mental health is close to zero and insignificant. We rule out a number of
potential mechanisms that could explain the negative impact of stay-at-home orders on
women’s mental health. The negative health impacts can neither be explained by an
increase in financial worries nor by an increase in childcare responsibilities nor by the
local number of Covid-19 cases or deaths (per capita).

This paper relates to several strands of the literature. First, it contributes to the
literature studying the effect of economic downturns on mental disorders (see, e.g.,
Chang et al. 2013; Dagher, Chen and Thomas 2015; Frasquilho et al. 2015; Reibling
et al. 2017). Second, it contributes to the large literature documenting gender gaps
in mental health (e.g., Astbury 2001; Seedat et al. 2009; Stevenson and Wolfers 2009).
Finally, it contributes to the emerging literature studying the impact of the pandemic
on well-being and mental health (Armbruster and Klotzbücher, 2020; Béland et al.,
2020; Brooks et al., 2020; Fancourt et al., 2020; Pierce et al., 2020; Giuntella et al.,
forthcoming; Huebener et al., 2021).1 We contribute to this literature by documenting
how state-wide stay-at-home orders implemented to slow the spread of the Covid-19
pandemic impact men’s and women’s self-reported mental health. Closest to our study
is recent work by Banks and Xu (2020), Etheridge and Spantig (2020) and Proto and
Quintana-Domeque (2021) on the effect of the Covid-19 outbreak on mental well-being
in the UK. Consistent with our findings, Banks and Xu (2020) and Etheridge and
Spantig (2020) document that the pandemic has brought about a severe decline in well-
being, with the negative effects being disproportionately borne by women. Proto and
Quintana-Domeque (2021) also document a widening gender gap among white British
individuals. While in the UK the lockdown measures were introduced in all regions at
the same time, this was not the case in the US, allowing us to exploit the variation
across states.

1Evidence from Google searches in different countries also points to an increase in searches on topics
related to well-being (e.g. boredom, loneliness, sadness) and concerns over the economic consequences
of the crisis, following the implementation of lockdowns (Brodeur et al., 2020; Fetzer et al., 2020; Knipe
et al., 2020; Tubadji, Boy and Webber, 2020).

3



2 Data

To study the impact of state-wide stay-at-home orders on mental health, we collect real
time survey data on large geographically representative samples of individuals in the
United States. The data were collected by a professional survey company in March,
April, and May 2020.2 We merge our survey data with information on measures that
state governments imposed in response to the coronavirus outbreak as well as local data
on the number of confirmed cases and deaths attributable to Covid-19.

2.1 Survey Data

We collected three waves of survey data. The first wave of data (N = 4, 003) was
collected on March 24-25, 2020, the second wave of data (N = 4, 000) was collected on
April 9-11, 2020, and the third wave (N = 4, 007) was collected on May 20-21, 2020.3

To be eligible to participate in the study, participants had to be resident in the US, be
at least 18 years old, and report having engaged in any paid work during the previous
12 months. The samples were selected to be representative in terms of region (i.e., area
codes).4 Appendix Table A.1 shows the sample distribution of respondents for each
survey wave in comparison to the national distribution across the different regions. As
can be seen from this table, the distributions are very similar.

We compare the characteristics of the respondents in our sample to a nationally
representative sample of the working population in the US. Appendix Table A.2 shows
the demographic characteristics of our samples and the February 2020 monthly Current
Population Survey (CPS) data. While our samples are characterized by a higher pro-
portion of women and a somewhat higher proportion of respondents with a university
degree, we note that our results are robust to re-weighting our sample using survey

2All participants were part of the companys online panel and participated in the survey online.
The survey was completely anonymous, i.e., no information was collected that would allow researchers
to identify survey participants. The survey was scripted in the online survey software Qualtrics.
Participants received modest incentives for completing the survey.

3The data were collected as part of a broader study that aimed at documenting the impact of the
Covid-19 pandemic on workers. To ensure that the results are comparable across waves, we chose to
draw independent study samples for each wave of data collection, i.e., there are no participants who
participated in the survey more than once. We used the same sampling methodology each time, which
allows us to make comparisons across waves.

4‘Area codes’ refer to groups of states identified by the first digit of their postcode. We use the
terms ‘area code’ and ‘region’ interchangeably. There are 10 area codes in total in the United States,
numbered 0-9.
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weights.5 We present unweighted results throughout the text and weighted results in
the Appendix. We further control for a range of different background characteristics in
all of our analyses.

We focus our analysis on the second wave of data collected in mid-April. By that
time, 40 states had already put lockdown measures in place, providing us with variation
we can exploit to identify the effect of interest. In late March, only 14 states had
lockdowns in place and the states that had implemented lockdowns only had them in
place for a few days. By the end of May, on the other hand, 24 states had already lifted
restrictions. We therefore primarily focus on the April wave and use the March and
May survey data to perform robustness checks and provide some additional insights.

Mental health To measure mental health, we administer the WHO 5-question mod-
ule.6 This module has been validated and used in a variety of different contexts (see,
e.g., Bech et al. 2003; Krieger et al. 2014; Downs et al. 2017).7 An overall mental health
score is obtained by summing answers to the 5 questions, with a higher score indicating
better mental health. Within each survey wave, we standardize the mental health score
to have mean 0 and standard deviation of 1.

Economic impacts We obtain information on the immediate economic impact of
the coronavirus crisis. More specifically, we ask respondents to report whether they
had trouble paying their usual bills and expenses, worked fewer hours, earned less
than usual, or had to change their work patterns to care for others in the week before
completing the survey. We further obtain information on the employment status of the
respondents in February 2020 and at the time of data collection.

2.2 Other Data Sources

In our surveys, we collect information on the state and county of residence of the
respondents, which we use to merge the survey data with information on state-level

5We re-weight our samples to ensure that the joint density of gender, education, and age in our
samples matches that of the economically active population in the February 2020 monthly CPS data.

6See Appendix C for the exact wording of the questions.
7The WHO-5 index has been shown to perform well as a tool to screen individuals who experience

symptoms, or are at risk, of depression and anxiety (Krieger et al., 2014; Topp et al., 2015) and
successfully identify individuals whose mental health has deteriorated over the recent past (Bech et al.,
2003). Furthermore, individuals who attempt suicides on average report significantly lower scores on
the WHO-5 index compared to subjects with no suicidal intentions, and the WHO-5 index negatively
correlates with the severity of suicidal attempts (Awata et al., 2007; Sisask et al., 2008).
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policies adopted in response to the pandemic and county-level measures of the health
impact of Covid-19.

State-wide stay-at-home orders We use publicly available information on state
measures that were adopted in response to the coronavirus pandemic (Raifman et al.
2020).8 For each survey wave, we construct a binary variable indicating whether or
not the state had stay-at-home orders (also referred to as ‘lockdowns’) in place at
the time the data collection was launched. Stay-at-home orders refer to directives or
orders that apply to the entire state, and that restrict movements of people by ordering
residents to stay home except for essential reasons.9 We further calculate how many
days the stay-at-home orders had already been in place. From the same dataset, we
also collect information on the population density, share of unemployed residents and
share of residents at risk of serious illness due to Covid-19, for each state.

Coronavirus cases and deaths We use information on the county of residence of
survey participants to merge the data from each survey wave with county-level informa-
tion on the cumulative number of reported Covid-19 cases and deaths (per capita) at
the time the data collection was launched. We obtain this information from the ongoing
repository made available by The New York Times.10 Detailed geographic information
on the location of our survey respondents allows us to merge this data with our survey
data at the county level.

3 Results

3.1 The Impact of Lockdowns on Mental Health

We first estimate the impact of state-wide stay-at-home orders on mental health us-
ing the mid-April survey wave. We regress self-reported mental health on a dummy
variable indicating whether a lockdown was in place in mid-April as well as a range

8The data were downloaded on 27 April 2020 and updated on 5 June 2020 to reflect stay-at-home
orders in place at the time of the third data collection.

9While not uniform across states, studying heterogeneity in how exactly the measures adopted in
response to the pandemic were implemented lies outside the scope of this paper and may provide an
interesting avenue for future research.

10The data is freely available at the following URL: https://github.com/nytimes/Covid-19-data
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of individual background characteristics.11 The results are presented in Column 1 of
Table 1. Standard errors are clustered at the state level. The lockdown coefficient is
estimated to be negative and significant. Living in a state which has stay-at-home or-
ders in place at the time of the survey is associated with a decrease in mental health by
0.083 standard deviations (p-value=0.012), suggesting that stay-at-home orders have
led to a significant reduction in mental health.12 To put this number into context, the
literature on the drivers of mental health has documented that other major life events
such as bereavement or unemployment can lead to changes in mental health or depres-
sion scores of a quarter of a standard deviation or more (Burton, Haley and Small,
2006; Marcus, 2013).

Several other patterns are worth noting. Consistent with the results from previous
studies, we find that being female is associated with significantly lower self-reported
mental health (e.g., Astbury 2001; Seedat et al. 2009; Stevenson and Wolfers 2009).
Household income and having a university degree are positively associated with men-
tal health. Individuals who report being single have significantly lower mental health
scores.

A potential concern with the analysis is that the states that introduced lockdown
measures by April may have systematically differed from the other states in terms of
baseline mental health. For example, it is possible that individuals living in states that
introduced lockdown measures by April had systematically lower mental health scores
at baseline, i.e., before the lockdown measures were introduced. If this was the case,
then the negative ‘lockdown’ coefficient may not capture the negative consequences of
the state-wide stay-at-home orders but it may be picking up differences in mental health
across states that existed even before the pandemic. We perform a number of placebo
exercises to show that this is not the case. In particular, we first restrict the April sample
to only those individuals living in states that had not introduced lockdown measures by
late March. As can be seen in Column 2 of Table 1, the results are very similar when
we impose this sample restriction. We then apply the same sample restriction to the
data collected in late March and we examine whether future lockdown predicts mental

11All regressions control for a dummy variable indicating whether the respondent is female, household
income, whether or not the respondent has a university degree, age (in bins) and whether or not the
respondent is single. Household income refers to annual household income (in 1000s of USD) in the
year 2019.

12We note that this is likely to be a lower bound to the negative mental health consequences of
the different state and local lockdown measures as states which did not have state-wide stay-at-home
orders in place also had some local restrictions.
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health scores in late March. If the results were driven by differences in baseline mental
health levels, we would expect the coefficient on future lockdown to be negative and
significant. The results of this placebo test are presented in Column 3 of Table 1. The
estimated coefficient is positive and not statistically different from zero, indicating that
the mental health scores at baseline were not systematically different between states
which introduced lockdowns by mid-April and those that did not.
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Table 1: Mental health score

April March

Full sample Restricted sample Placebo

Lockdown (April) -0.0834∗∗ -0.0744∗∗ 0.0172
(0.0322) (0.0355) (0.0330)

Female -0.3289∗∗∗ -0.2964∗∗∗ -0.2359∗∗∗

(0.0375) (0.0505) (0.0564)

Household income (in 1000 USD) 0.0019∗∗∗ 0.0016∗∗ 0.0026∗∗∗

(0.0004) (0.0006) (0.0004)

University degree 0.1168∗∗∗ 0.1767∗∗∗ 0.1435∗∗∗

(0.0386) (0.0511) (0.0406)

30-39 0.0565 0.0369 0.0838
(0.0390) (0.0578) (0.0602)

40-49 0.0018 -0.0630 0.0293
(0.0424) (0.0423) (0.0766)

50-59 -0.0809 -0.1361∗ -0.0013
(0.0568) (0.0777) (0.0597)

60+ 0.0657 0.0593 0.1472∗∗

(0.0529) (0.0684) (0.0596)

Single -0.1131∗∗ -0.1074∗∗∗ -0.0678
(0.0437) (0.0368) (0.0452)

Constant 0.0947∗ 0.0982 -0.0814
(0.0551) (0.0647) (0.0809)

Observations 3990 2313 2294
R2 0.0648 0.0618 0.0583

Notes: OLS regressions. *p <0.1, **p <0.05, ***p <0.01. Standard errors clustered at the state level in
parentheses. The dependent variable is the standardized mental health score. Lockdown is a dummy vari-
able indicating whether the state of residence of the respondent had stay-at-home measures in place at the
time of the second data collection. Column 1 reports results for the full sample of wave 2. Column 2 restricts
the sample to respondents of the second wave who lived in states that did not have lockdown measures in
place at the time of the first data collection. Column 3 shows results from a placebo test where the sample
is restricted to respondents of the first wave who lived in states that did not have lockdown measures in
place at the time of the first data collection.
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The data allow us to perform two additional placebo exercises. In Appendix Ta-
ble B.1, we perform the same analysis but using the number of days since the lockdown
was introduced rather than a binary lockdown measure.13 Similarly, the coefficient on
the number of days the state had been in lockdown for by mid-April is statistically
significant when we use the April survey wave, but not in the placebo test in which we
use the March survey wave. We also test whether the number of days until a future
lockdown predicts mental health in March. Reassuringly, we find that whether the fu-
ture lockdown is closer or further away in time does not significantly affect the mental
health of respondents in the first survey wave. Overall, we conclude that neither the
levels nor the trends in self-reported mental health are likely to differ between states
that were in lockdown by mid-April and those that were not: if baseline levels or trends
had been different, we would expect to see a systematic relationship between the future
implementation of the lockdown measures and mental health in March.

We further investigate whether controlling for additional state-level characteristics
affects any of the results. In Appendix Table B.2, we run the same specification as
in Column 1 of Table 1 and additionally control for population density, the share of
unemployed residents in the state, and the share of residents at risk of serious illness
due to Covid-19. Controlling for these additional characteristics does not affect the
estimated impact of the lockdown on mental health.

Before we explore the results for the mid-April survey wave in more detail, we turn
to the analysis that pools all three survey waves. Exploiting the variation in lock-
down status over time, we still find a significant negative effect of state-wide lockdown
measures on mental health (see Appendix Table B.3).14 As suggested by the results
in Column 1, the estimated lockdown coefficient is -0.067 (p-value=0.003). Overall,
we conclude that there is a significant negative effect of lockdown measures on mental
health.

3.2 Heterogeneity by Gender

Evidence from previous studies suggests that economic downturns can affect the mental
health of men and women differently (Chang et al., 2013; Dagher, Chen and Thomas,

13Appendix Figure B.1 shows the distribution of the number of days since the lockdown was intro-
duced by the time of our April data collection.

14All regressions include state fixed effects and the standard errors are clustered at the state-wave
level. The regressions presented in Table B.3 control for annual individual income in the year 2019 (in
1000s of USD) as we did not measure household income in the third survey wave.
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2015). We investigate whether the mental health impact of the state-wide stay-at-
home orders varies by gender. For this purpose, we estimate the same specification
as in Column 1 of Table 1, additionally including an interaction term between the
dummy variable indicating whether the state was in lockdown in mid-April and gender.
The results from this analysis are presented in Column 1 of Table 2.15 The estimated
gender gap in mental health scores is 0.217 standard deviations in states that did
not have lockdown measures in place (p-value=0.000). As indicated by the negative
and significant interaction coefficient, this gender gap is significantly higher in states
that introduced lockdown measures by mid-April. The estimated gender gap is 0.133
standard deviations larger in states that had a lockdown in place (p-value=0.055), which
constitutes a 61% increase in the estimated gender gap in mental health. The estimated
coefficient on the lockdown dummy is insignificant and close to zero, suggesting that
the negative impact of stay-at-home orders on mental health is driven by women.16 Our
results from the US are consistent with findings from Etheridge and Spantig (2020),
who find that in the UK the Covid-19 pandemic has had larger effects on the mental
well-being of women.

Columns 2 and 3 show the results for the same specification estimated separately
on the subsample of women and men, respectively. The coefficient associated with
the lockdown dummy is significant and negative for women, and close to zero and
insignificant for men. For women, living in a state which introduced stay-at-home
orders is associated with a reduction in mental health by 0.123 standard deviations
(p-value=0.011). Taken together, these results point to a substantial widening of the
gender gap in mental health as a result of the implementation of stay-at-home orders.17

15Weighted results are presented in Appendix Table B.4.
16Appendix Figure B.2 presents the average unconditional standardized mental health scores for

men (left) and women (right) in mid-April, separately by whether the state the respondent lived in
had issued a stay-at-home order (blue) or not (white). The graph illustrates the gender gaps in mental
health scores as well as the larger gender gap in mental health in states that were in lockdown.

17As can be seen in Appendix Tables B.2 and B.3 we also find that the results are entirely driven
by women when we control for additional state characteristics or when we pool the different waves.
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Table 2: Gender gaps in mental health score

All Women Men

Female -0.2168∗∗∗

(0.0504)

Female × Lockdown (April) -0.1330∗

(0.0676)

Lockdown (April) -0.0012 -0.1234∗∗ -0.0127
(0.0420) (0.0468) (0.0399)

Household income (in 1000 USD) 0.0019∗∗∗ 0.0013∗∗ 0.0025∗∗∗

(0.0004) (0.0005) (0.0006)

University degree 0.1178∗∗∗ 0.0870∗∗ 0.1411∗∗

(0.0390) (0.0372) (0.0634)

30-39 0.0565 0.0445 0.0706
(0.0396) (0.0369) (0.0922)

40-49 0.0011 0.0003 -0.0303
(0.0425) (0.0441) (0.0851)

50-59 -0.0814 -0.0158 -0.1944∗

(0.0574) (0.0635) (0.1071)

60+ 0.0655 0.0720 0.0412
(0.0528) (0.0631) (0.0838)

Single -0.1147∗∗ -0.0626 -0.1917∗∗

(0.0435) (0.0419) (0.0797)

Constant 0.0267 -0.1756∗∗∗ 0.0186
(0.0579) (0.0641) (0.0965)

Observations 3990 2323 1667
R2 0.0654 0.0145 0.0524

Notes: OLS regressions. *p <0.1, **p <0.05, ***p <0.01. Standard errors clustered at the
state level in parentheses. The dependent variable is the standardized mental health score.
Lockdown is a dummy variable indicating whether the state of residence of the respondent
had stay-at-home measures in place at the time of the second data collection. Column 1 re-
ports results for the full sample of wave 2. Columns 2 and 3 restrict the sample to female and
male respondents respectively.
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As documented in Adams-Prassl et al. (2020), the Covid-19 pandemic has had large
and unequal impacts on the labor market outcomes of people living in the United
States. Women were more likely to lose their jobs due to the pandemic compared
to men and working mothers spent more time caring for their children than working
fathers. Stress arising from financial difficulties or additional care responsibilities is
likely to negatively affect mental health during the crisis and may mediate some of
the impact of the lockdown on mental health. The health impacts of the coronavirus
outbreak have also been highly unequal, with large regional differences in the number
of cases and deaths attributable to Covid-19.

In Tables 3 and 4, we investigate whether controlling for realized impacts of the
coronavirus outbreak changes the estimated effect of the state-wide lockdown measures
on the mental health of women and men, respectively. In Column 1, we addition-
ally control for whether the respondent reports having had trouble paying their usual
bills/expenses, earned less money, worked fewer hours in the week before the data col-
lection, or lost their job between February and the time of data collection. In Column 2,
we control for whether the respondent has children below the age of 18 living with them
in their home, total time spent on childcare, and whether the respondent reports hav-
ing had to change their work patterns to care for others. In Columns 3 and 4, we
control for the cases and deaths attributable to Covid-19 (per 1000 inhabitants) in the
respondent’s county, while in Column 5 we include all additional regressors in the same
specification. The results in Table 3 show that neither controlling for realized economic
impacts nor controlling for care responsibilities or cases/deaths related to Covid-19 in
the respondent’s county significantly alters the estimated coefficient on the lockdown
dummy. For women, the estimated coefficient on the lockdown dummy is -0.087 in
Column 5 (p-value=0.092), and it is not significantly different from the lockdown coef-
ficient estimated in Column 2 of Table 2, indicating that these mechanisms are unlikely
to explain the negative impact of the state-wide stay-at-home measures on the mental
health of women. For men, in all specifications, the lockdown dummy is estimated to
be close to zero and it is insignificant (see Columns 1-5 in Table 4). Appendix Ta-
bles B.5 and B.6 show that our results are robust to re-weighting the sample to match
the distribution of observable characteristics of the economically active population in
the February 2020 monthly CPS data.18

18We note that the results may be different for a population that is not economically active. Given
that our study focuses on the economically active population, our data does not allow us to speak to
that.
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Table 3: Controlling for realised impacts - Women

(1) (2) (3) (4) (5)

Lockdown (April) -0.1231∗∗∗ -0.1229∗∗ -0.0974∗∗ -0.0968∗∗ -0.0868∗

(0.0455) (0.0531) (0.0467) (0.0463) (0.0505)

Lost job since February -0.0486 -0.0579
(0.0436) (0.0494)

Had troubles paying bills -0.2443∗∗∗ -0.2763∗∗∗

(0.0469) (0.0503)

Worked fewer hours -0.0090 -0.0176
(0.0468) (0.0532)

Earned less money 0.0065 0.0006
(0.0515) (0.0528)

Children (below 18) 0.0716 0.0866
(0.0828) (0.0774)

Time spent on childcare -0.0104 -0.0118∗

(0.0067) (0.0066)

Change work patterns -0.0386 0.0258
(0.0502) (0.0580)

Cases per 1000 inhabitants -0.0254∗∗∗ -0.0064
(0.0076) (0.0158)

Deaths per 1000 inhabitants -0.7740∗∗∗ -0.6208
(0.2204) (0.4931)

Constant 0.0170 -0.1607∗∗ -0.1557∗∗ -0.1566∗∗ 0.0400
(0.0754) (0.0748) (0.0642) (0.0636) (0.0808)

Observations 2321 1830 2214 2214 1747
R2 0.0313 0.0196 0.0162 0.0165 0.0426
Controls Yes Yes Yes Yes Yes

Notes: OLS regressions. *p <0.1, **p <0.05, ***p <0.01. Standard errors clustered at the state level in parentheses.
The dependent variable is the standardized mental health score. Lockdown is a dummy variable indicating whether the
state of residence of the respondent had stay-at-home measures in place at the time of the second data collection. Had
troubles paying bills, worked fewer hours, earned less money, and changed work patterns are dummy variables that take
the value of one if the respondent reported experiencing the given outcome in the week before data collection. Chil-
dren is a binary variable that takes the value of one if the respondent has children under the age of 18 living at home
with him / her. Cases and deaths per 1000 inhabitants refer to confirmed coronavirus cases and deaths at the county
level. Controls include household income, binary variables for different age groups, and dummy variables for whether
the respondent has a university degree and is single. All columns report results for the sample of female respondents
to the second survey wave.
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Table 4: Controlling for realised impacts - Men

(1) (2) (3) (4) (5)

Lockdown (April) -0.0242 -0.0075 0.0015 -0.0034 -0.0182
(0.0419) (0.0629) (0.0394) (0.0400) (0.0623)

Lost job since February -0.1899∗∗∗ -0.2259∗∗∗

(0.0440) (0.0609)

Had troubles paying bills -0.0452 -0.0318
(0.0630) (0.0562)

Worked fewer hours 0.0965 0.0805
(0.0635) (0.0745)

Earned less money -0.1057∗ -0.1199∗

(0.0609) (0.0602)

Children (below 18) 0.2129∗∗∗ 0.2103∗∗∗

(0.0778) (0.0751)

Time spent on childcare 0.0076 0.0044
(0.0100) (0.0104)

Change work patterns 0.0171 0.0040
(0.0523) (0.0535)

Cases per 1000 inhabitants -0.0242∗∗∗ -0.0123
(0.0071) (0.0160)

Deaths per 1000 inhabitants -0.5095 -0.1287
(0.4317) (0.6413)

Constant 0.1210 -0.0879 0.0251 0.0210 0.0507
(0.0911) (0.0895) (0.1006) (0.1010) (0.1024)

Observations 1661 1397 1528 1528 1280
R2 0.0579 0.0589 0.0510 0.0502 0.0645
Controls Yes Yes Yes Yes Yes

Notes: OLS regressions. *p <0.1, **p <0.05, ***p <0.01. Standard errors clustered at the state level in parentheses.
The dependent variable is the standardized mental health score. Lockdown is a dummy variable indicating whether
the state of residence of the respondent had stay-at-home measures in place at the time of the second data collection.
Had troubles paying bills, worked fewer hours, earned less money, and changed work patterns are dummy variables
that take the value of one if the respondent reported experiencing the given outcome in the week before data collec-
tion. Children is a binary variable that takes the value of one if the respondent has children under the age of 18 living
at home with him / her. Cases and deaths per 1000 inhabitants refer to confirmed coronavirus cases and deaths at
the county level. Controls include household income, binary variables for different age groups, and dummy variables
for whether the respondent has a university degree and is single. All columns report results for the sample of male
respondents to the second survey wave.
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4 Conclusion

Following the outbreak of the Covid-19 pandemic, several states in the US have intro-
duced stay-at-home measures to slow the spread of the disease. By mid-April, these
state-wide measures had severely affected people’s mental health. Individuals living
in states that implemented lockdown measures scored 0.083 standard deviations lower
on the standardized WHO-5 mental health index compared to those living in states
that did not implement such measures. The negative impact of the lockdown orders
is entirely driven by a negative effect on women, thus contributing to widening the
existing gender gap in mental health by 61%. The results further show that stay-at-
home measures affect the mental health of women in the US over and beyond their
impact through increased financial worries and childcare responsibilities. The health
impact of the crisis, measured by the number of confirmed Covid-19 cases and deaths
per capita, also cannot explain the negative impact of state-wide lockdown orders on
women’s mental health.

Taken together, the evidence presented in this paper shows that the health costs
of the coronavirus pandemic are likely to go well beyond the rising death toll and the
number of cases. Given the already high costs of mental health to the global economy
(WHO, 2019), the importance for policymakers to take the mental health impact of
lockdown measures into consideration when designing policies to slow the spread of
the pandemic and guide countries through the recovery phase cannot be understated.
Going forward, more funding should be directed towards mental health services and
prevention programs aimed at at-risk individuals. Finally, as countries experience more
waves of coronavirus, with new restrictions being imposed to tackle the pandemic, it
will be crucial to increase online social connectedness to combat isolation and lack of
social support. Further research into understanding which measures could help reduce
the widening gender gap in mental health is of high policy importance.
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Online Appendix A: Data Description

Table A.1: Distribution of respondents across area codes

Region National March April May

Area code 0 7.40 7.39 7.40 7.41
Area code 1 10.33 10.32 10.33 10.36
Area code 2 10.04 10.04 10.05 10.03
Area code 3 14.41 14.41 14.40 14.45
Area code 4 10.02 10.02 10.03 10.01
Area code 5 5.25 5.25 5.25 5.24
Area code 6 7.17 7.17 7.18 7.16
Area code 7 11.94 11.94 11.95 11.93
Area code 8 7.13 7.12 7.13 7.11
Area code 9 16.30 16.34 16.30 16.30

Observations 4003 4000 4007
Notes: National figures refer to the latest available estimates for the
population of residents aged 18 or above and come from the United
States Census Bureau. Data source: U.S. Census Bureau, Population
Division (2019).

Table A.2: Demographic variables in the population & surveys

CPS March April May
Female 0.472 0.622 0.582 0.617
University 0.395 0.440 0.494 0.487
<30 0.231 0.322 0.255 0.340
30-39 0.224 0.262 0.264 0.243
40-49 0.203 0.179 0.215 0.176
50-59 0.198 0.130 0.136 0.121
60+ 0.144 0.107 0.130 0.120
Household income (1000 USD) 89.886 66.242 75.918 -

Notes: The table shows the mean demographic characteristics of economically active indi-
viduals in the US. These were calculated using the frequency weights provides in the Febru-
ary 2020 monthly CPS. The unweighted averages of these demographic variables in our sur-
vey waves are also reported.
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Online Appendix B: Additional Tables and Figures

Table B.1: Mental health score - Days since lockdown

April March

Full sample Restricted sample Placebo Until lockdown

Days of lockdown (April) -0.0048∗∗∗ -0.0091∗∗∗ -0.0080
(0.0017) (0.0032) (0.0073)

Days until lockdown (March) 0.0004
(0.0043)

Female -0.3313∗∗∗ -0.2952∗∗∗ -0.2509∗∗∗ -0.2527∗∗∗

(0.0377) (0.0497) (0.0582) (0.0579)

Household income (in 1000 USD) 0.0019∗∗∗ 0.0016∗∗ 0.0028∗∗∗ 0.0028∗∗∗

(0.0004) (0.0006) (0.0004) (0.0004)

University degree 0.1181∗∗∗ 0.1792∗∗∗ 0.0834 0.0858∗

(0.0381) (0.0505) (0.0492) (0.0493)

30-39 0.0566 0.0336 0.0753 0.0799
(0.0390) (0.0579) (0.0684) (0.0685)

40-49 -0.0010 -0.0672 0.0065 0.0093
(0.0425) (0.0423) (0.0949) (0.0950)

50-59 -0.0817 -0.1414∗ 0.0551 0.0581
(0.0568) (0.0768) (0.0765) (0.0767)

60+ 0.0660 0.0600 0.1380∗ 0.1352∗

(0.0532) (0.0682) (0.0718) (0.0715)

Single -0.1126∗∗ -0.1079∗∗∗ -0.0823 -0.0844
(0.0434) (0.0367) (0.0558) (0.0553)

Constant 0.0810 0.1065 0.0380 -0.0377
(0.0484) (0.0641) (0.0987) (0.0991)

Observations 3990 2313 1646 1646
R2 0.0651 0.0629 0.0573 0.0566

Notes: OLS regressions. *p <0.1, **p <0.05, ***p <0.01. Standard errors clustered at the state level in parentheses. The depen-
dent variable is the standardized mental health score. Days of Lockdown indicates the number of days between the time when
the state of residence of the respondent imposed stay-at-home measures and the second data collection. Column 1 reports results
for the full sample of wave 2. Column 2 restricts the sample to respondents to the second wave who lived in states that did not
have lockdown measures in place at the time of the first data collection. Column 3 shows results from a placebo test, where the
sample is restricted to respondents of the first wave who lived in states that did not have lockdown measures in place at the time
of the first data collection. Column 4 shows results from a second placebo test where the sample is restricted to respondents of
the first wave who lived in states that did not have lockdown measures in place at the time of the first data collection, and the
main explanatory variable is the number of days until the state implemented a lockdown.
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Table B.2: Mental health score - Controlling for state characteristics

All Women Men

Lockdown (April) -0.0924∗∗ -0.1305∗∗∗ -0.0231
(0.0356) (0.0480) (0.0418)

Female -0.3286∗∗∗

(0.0376)

Household income (in 1000 USD) 0.0019∗∗∗ 0.0013∗∗ 0.0025∗∗∗

(0.0004) (0.0005) (0.0006)

University degree 0.1185∗∗∗ 0.0915∗∗ 0.1397∗∗

(0.0387) (0.0373) (0.0639)

30-39 0.0541 0.0423 0.0702
(0.0393) (0.0370) (0.0917)

40-49 -0.0005 -0.0051 -0.0299
(0.0431) (0.0447) (0.0869)

50-59 -0.0846 -0.0217 -0.1939∗

(0.0565) (0.0634) (0.1083)

60+ 0.0635 0.0683 0.0448
(0.0528) (0.0638) (0.0861)

Single -0.1119∗∗ -0.0595 -0.1904∗∗

(0.0439) (0.0420) (0.0796)

Population density -0.0229∗ -0.0393∗∗∗ -0.0069
(0.0121) (0.0132) (0.0158)

% At risk of serious illness 0.0043 0.0070 0.0009
(0.0029) (0.0061) (0.0072)

% Unemployed (2018) 0.0243 0.0133 0.0289
(0.0218) (0.0281) (0.0369)

Constant -0.1739 -0.4929∗∗ -0.1496
(0.1549) (0.2338) (0.3310)

Observations 3990 2323 1667
R2 0.0656 0.0162 0.0527

Notes: OLS regressions. *p <0.1, **p <0.05, ***p <0.01. Standard errors clustered at the
state level in parentheses. The dependent variable is the standardized mental health score.
Lockdown is a dummy variable indicating whether the state of residence of the respondent
had stay-at-home measures in place at the time of data collection. Column 1 reports results
for the full sample of respondents to the second survey wave. Columns 2 and 3 restrict the
sample to female and male respondents, respectively.
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Table B.3: Mental health score - Waves 1, 2 and 3

All Women Men

Lockdown -0.0670∗∗∗ -0.0733∗∗∗ -0.0544
(0.0223) (0.0266) (0.0403)

Female -0.2456∗∗∗

(0.0221)

Individual income (in 1000 USD) 0.0031∗∗∗ 0.0023∗∗∗ 0.0034∗∗∗

(0.0002) (0.0003) (0.0003)

University degree 0.0820∗∗∗ 0.0686∗∗∗ 0.0953∗∗∗

(0.0200) (0.0239) (0.0339)

30-39 0.0398∗ 0.0424∗ 0.0367
(0.0226) (0.0236) (0.0446)

40-49 -0.0170 -0.0343 -0.0196
(0.0242) (0.0293) (0.0502)

50-59 -0.0390 0.0279 -0.1353∗∗

(0.0318) (0.0351) (0.0548)

60+ 0.0792∗∗ 0.1222∗∗∗ 0.0191
(0.0317) (0.0382) (0.0467)

Single -0.1091∗∗∗ -0.0722∗∗∗ -0.1592∗∗∗

(0.0214) (0.0228) (0.0424)

Constant 0.0755 -0.2205∗∗∗ 0.2186∗∗

(0.0474) (0.0764) (0.0961)

Observations 11965 7268 4697
R2 0.0705 0.0294 0.0802
State fixed effects yes yes yes

Notes: OLS regressions. *p <0.1, **p <0.05, ***p <0.01. Standard errors clustered at the
state-wave level in parentheses. The dependent variable is the standardized mental health
score. Lockdown is a dummy variable indicating whether the state of residence of the respon-
dent had stay-at-home measures in place at the time of data collection. Column 1 reports
results for the full samples of wave 1, 2 and 3. Columns 2 and 3 restrict the sample to female
and male respondents, respectively.
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Table B.4: Gender gaps in mental health score - Weighted

All Women Men

Female -0.1856∗∗∗

(0.0544)

Female × Lockdown (April) -0.1287∗∗

(0.0632)

Lockdown (April) -0.0121 -0.1301∗∗∗ -0.0198
(0.0473) (0.0465) (0.0476)

Household income (in 1000 USD) 0.0019∗∗∗ 0.0014∗∗ 0.0022∗∗∗

(0.0005) (0.0006) (0.0008)

University degree 0.1162∗∗ 0.0921∗∗ 0.1322∗

(0.0475) (0.0397) (0.0739)

30-39 0.0649 0.0427 0.0895
(0.0462) (0.0391) (0.0832)

40-49 -0.0224 0.0002 -0.0465
(0.0412) (0.0439) (0.0862)

50-59 -0.0816 -0.0189 -0.1400
(0.0649) (0.0640) (0.1049)

60+ 0.0964∗ 0.0704 0.1051
(0.0564) (0.0668) (0.0840)

Single -0.0944∗ -0.0499 -0.1338
(0.0488) (0.0467) (0.0805)

Constant -0.0047 -0.1831∗∗ -0.0050
(0.0666) (0.0702) (0.1020)

Observations 3990 2323 1667
R2 0.0503 0.0150 0.0425

Notes: OLS regressions. *p <0.1, **p <0.05, ***p <0.01. Standard errors clustered at the
state level in parentheses. The dependent variable is the standardized mental health score.
Lockdown is a dummy variable indicating whether the state of residence of the respondent
had stay-at-home measures in place at the time of the second data collection. Column 1 re-
ports results for the full sample of wave 2. Columns 2 and 3 restrict the sample to female and
male respondents, respectively.

25



Table B.5: Controlling for realized impacts - Women (weighted)

(1) (2) (3) (4) (5)

Lockdown (April) -0.1272∗∗∗ -0.1227∗∗ -0.1021∗∗ -0.1018∗∗ -0.0831
(0.0444) (0.0552) (0.0442) (0.0441) (0.0499)

Lost job since February -0.0419 -0.0512
(0.0469) (0.0547)

Had troubles paying bills -0.2755∗∗∗ -0.3161∗∗∗

(0.0504) (0.0564)

Worked fewer hours -0.0234 -0.0290
(0.0491) (0.0567)

Earned less money 0.0084 -0.0031
(0.0512) (0.0523)

Children (below 18) 0.0459 0.0627
(0.0890) (0.0827)

Time spent on childcare -0.0070 -0.0084
(0.0069) (0.0068)

Change work patterns -0.0332 0.0409
(0.0515) (0.0629)

Cases per 1000 inhabitants -0.0272∗∗∗ -0.0060
(0.0068) (0.0155)

Deaths per 1000 inhabitants -0.8423∗∗∗ -0.6814
(0.2056) (0.5338)

Constant 0.0340 -0.1804∗∗ -0.1609∗∗ -0.1611∗∗ 0.0486
(0.0834) (0.0804) (0.0698) (0.0693) (0.0910)

Observations 2321 1830 2214 2214 1747
R2 0.0359 0.0180 0.0169 0.0172 0.0465
Controls Yes Yes Yes Yes Yes

Notes: OLS regressions. *p <0.1, **p <0.05, ***p <0.01. Standard errors clustered at the state level in parentheses.
The dependent variable is the standardized mental health score. Lockdown is a dummy variable indicating whether the
state of residence of the respondent had stay-at-home measures in place at the time of the second data collection. Had
troubles paying bills, worked fewer hours, earned less money, and changed work patterns are dummy variables that take
the value of one if the respondent reported experiencing the given outcome in the week before data collection. Chil-
dren is a binary variable that takes the value of one if the respondent has children under the age of 18 living at home
with him / her. Cases and deaths per 1000 inhabitants refer to confirmed coronavirus cases and deaths at the county
level. Controls include household income, binary variables for different age groups, and dummy variables for whether
the respondent has a university degree and is single. All columns report results for the sample of female respondents
to the second survey wave.
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Table B.6: Controlling for realized impacts - Men (weighted)

(1) (2) (3) (4) (5)

Lockdown (April) -0.0327 -0.0247 0.0003 0.0003 -0.0196
(0.0500) (0.0774) (0.0454) (0.0458) (0.0726)

Lost job since February -0.1400∗∗ -0.1679∗∗∗

(0.0523) (0.0577)

Had troubles paying bills -0.1022 -0.0996
(0.0642) (0.0646)

Worked fewer hours 0.0749 0.0637
(0.0771) (0.0875)

Earned less money -0.1180∗ -0.1057
(0.0666) (0.0698)

Children (below 18) 0.1775∗∗ 0.1770∗∗

(0.0733) (0.0733)

Time spent on childcare 0.0026 0.0009
(0.0109) (0.0111)

Change work patterns 0.0425 0.0379
(0.0542) (0.0537)

Cases per 1000 inhabitants -0.0125 0.0085
(0.0091) (0.0213)

Deaths per 1000 inhabitants -0.3890 -0.4568
(0.4359) (0.8658)

Constant 0.1593 -0.0969 -0.0100 -0.0111 0.0497
(0.0980) (0.1070) (0.1056) (0.1054) (0.1195)

Observations 1661 1397 1528 1528 1280
R2 0.0497 0.0488 0.0409 0.0410 0.0569
Controls Yes Yes Yes Yes Yes

Notes: OLS regressions. *p <0.1, **p <0.05, ***p <0.01. Standard errors clustered at the state level in paren-
theses. The dependent variable is the standardized mental health score. Lockdown is a dummy variable indi-
cating whether the state of residence of the respondent had stay-at-home measures in place at the time of the
second data collection. Had troubles paying bills, worked fewer hours, earned less money, and changed work pat-
terns are dummy variables that take the value of one if the respondent reported experiencing the given outcome
in the week before data collection. Children is a binary variable that takes the value of one if the respondent
has children under the age of 18 living at home with him / her. Cases and deaths per 1000 inhabitants refer to
confirmed coronavirus cases and deaths at the county level. Controls include household income, binary variables
for different age groups, and dummy variables for whether the respondent has a university degree and is single.
All columns report results for the sample of male respondents to the second survey wave.
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Figure B.1: Distribution of number of days of lockdown - Wave 2
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Notes: The graph shows the density of the number of days of lockdown at the time of our April survey
wave. The data is collapsed at the state level.
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Figure B.2: Mental health score by gender and whether state is in lockdown
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Notes: The graph shows the average mental health score of respondents to our second survey wave
separated first by gender and then, within gender, by whether the respondent’s state had a lockdown
in mid-April. The thin black bars represent the 95% confidence intervals. Stars indicate statistical
significance of differences in mental health by whether the respondent’s state had stay-at-home orders
in place in mid-April: * p<0.10, ** p<0.05, *** p<0.01.
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Online Appendix C: Questionnaire

WHO 5-question module Over the last two weeks, ... [Answers on a scale from 0
- “At no time” to 5 - “All of the time”.]

• I have felt cheerful and in good spirits

• I have felt calm and relaxed

• I have felt active and vigorous

• I woke up feeling fresh and rested

• My daily life has been filled with things that interest me

Realized impacts Think about the last week compared to your life in February. Due
to the coronavirus outbreak, did you... [Yes / No answers]

• Work fewer hours than usual

• Earn less money than usual

• Have troubles paying your usual bills and expenses

• Have to change your work patterns to care for others

Please think about last week and the time you spent on various activities. On a
typical working day, how many hours did you spend...

• Home-schooling children?

• Actively caring for children (other than home-schooling)?
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