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Global evidence on the economic effects of disease
suppression during COVID-19
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Governments around the world attempted to suppress the spread of COVID-19 using

restrictions on social and economic activity. This study presents the first global analysis of job

and income losses associated with those restrictions, using Gallup World Poll data from

321,000 randomly selected adults in 117 countries from July 2020 to March 2021. Nearly half

of the world’s adult population lost income because of COVID-19, according to our estimates,

and this outcome and related measures of economic harm—such as income loss—are

strongly associated with lower subjective well-being, financial hardship, and self-reported

loss of subjective well-being. Our primary analysis uses a multilevel model with country and

month-year levels, so we can simultaneously test for significant associations between both

individual demographic predictors of harm and time-varying country-level predictors. We find

that an increase of one-standard deviation in policy stringency, averaged up to the time of the

survey date, predicts a 0.37 std increase in an index of economic harm (95% CI 0.24–0.51)

and a 14.2 percentage point (95% CI 8.3–20.1 ppt) increase in the share of workers

experiencing job loss. Similar effect sizes are found comparing stringency levels between top

and bottom-quintile countries. Workers with lower-socioeconomic status—measured by

within-country income rank or education—were much more likely to report harm linked to

the pandemic than those with tertiary education or relatively high incomes. The gradient

between harm and stringency is much steeper for workers at the bottom quintiles of the

household income distribution than it is for those at the top, which we show with interaction

models. Socioeconomic status is unrelated to harm where stringency is low, but highly and

negatively associated with harm where it is high. Our detailed policy analysis reveals that

school closings, stay-at-home orders, and other economic restrictions were strongly asso-

ciated with economic harm, but other non-pharmaceutical interventions—such as contact

tracing, mass testing, and protections for the elderly were not.
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Introduction

In 2020, governments around the world started putting in place
extraordinary policies to mitigate the spread of the cor-
onavirus, including stay-at-home orders, restrictions on travel

and gatherings, and closures of schools and workplaces. These
policies have been found to be associated with reduced economic
activity, in the form of visits to workplaces, parks, restaurants,
and non-grocery retail establishments, both in global analyses
(Hale et al. 2021), and based on detailed evidence from single
countries or a subset of countries (Deb et al. 2020; Boone and
Ladreit 2021; Lozano Rojas et al. 2020; Aminjonov et al. 2021;
Carvalho et al. 2021; Coibion et al. 2020; Gathergood et al. 2021,
including illegal economic activity (Nivette et al. 2021)). Using
U.S. data from early in the pandemic, other scholars have argued
that widespread economic disruptions would have happened in
the absence of restrictions (Goolsbee and Syverson 2020; Forsythe
et al. 2020; Gupta et al. 2020).

Epidemiological theory and empirical evidence suggest that
these policies likely reduced the number of deaths (Liu et al. 2021;
Chernozhukov et al. 2021; Violato et al. 2021; Qi et al. 2022),
although given the methodological challenges, the evidence on
the causal links between mobility restrictions and COVID-19
mortality is not entirely consistent (Berry et al. 2021; Herby et al.
2022; Spiegel and Tookes 2022). Similarly, public health policies
that do not restrict economic activity—such as contact tracing
(Fetzer and Graeber 2021) and surgical mask use (Abaluck et al.
2022)—have been found to reduce infections.

Regardless of the causes, pandemic-era economic distress has
been widely documented. Global output contracted by 3.4% in
2020, with output contractions observed in 95% of countries, a
scale that rivals that of the Great Depression (World Bank 2022),
and global poverty increased (Mahler et al. 2021; Kim et al. 2021).
Furthermore, low-income countries faced widescale income losses
(Egger et al. 2021; Josephson et al. 2021). Within countries, the
economic effects of the pandemic have been worse for households
with relatively low socioeconomic status, as measured by income
rank or educational attainment (Rothwell and Smith 2021;
Narayan et al. 2022; World Bank 2022; Bundervoet et al. 2021;
Kugler et al. 2021), which is consistent with past pandemics
(Furceri et al. 2022).

This paper contributes to the literature by providing the most
comprehensive analysis to-date on several research questions
related to the pandemic: How prevalent was the economic harm
related to the pandemic, and how did that harm relate to sub-
jective well-being and financial security? What is the association
between economic harm and the stringency of regulations on
economic and social activity? How did harm vary by socio-
economic status within and across countries? How do estimated
effects of stringency compare to alternative non-pharmaceutical
interventions in terms of job loss and similar outcomes?

The analysis relies heavily on the Gallup World Poll, which
used random samples of individuals in 117 countries representing
nearly three-quarters of the global population. From July 2020 to
March 2021, the survey collected detailed demographic data on
income and education, subjective well-being measures, and
information on several economic outcomes in which respondents
were explicitly asked if they were caused by the pandemic. The
resulting database provides the only harmonized quasi-global
database available to study individual and country-level
employment and income outcomes. By directly measuring
forms of economic harm—rather than proxy measures such as
mobility—these data provide insights that would otherwise be lost
to history. Data on policy interventions, COVID deaths, and
other contextual data were matched to individual responses using
cumulative-to-date means, such that a respondent’s self-reported
degree of harm from COVID-19 could be compared to the policy

regime used up to match the month of the interview. The primary
analysis uses multilevel mixed modeling to simultaneously esti-
mate associations with individual demographic characteristics—
including socioeconomic status—and time-varying country-level
variables, aggregated to month-year units. The database needed to
replicate our analysis will be released upon publication, allowing
other scholars to use the data for their own novel analyses.

Methods
The hypotheses tested in this paper require data on three main
components of our empirical models: (i) measures of economic
harm or welfare impact; (ii) measures of the stringency of eco-
nomic restrictions imposed by governments in the wake of the
COVID-19 pandemic, and (iii) measures of the disease burden of
COVID-19. These are described in turn in this section. Summary
statistics from the country-level and individual data are available
in Supplementary Table 1. The analysis was conducted using
Stata 17.0.

Economic harm measures. The main source of data supporting
the analysis in this paper comes from surveys fielded by the
Gallup World Poll between July 9, 2020, and March 3, 2021, with
321,386 observations of people aged 15 and older in 117 coun-
tries/territories.1 The survey included demographic information
as well as items related to health and well-being that were
designed to be nationally representative for each country in the
sample.2 The relevant ethics statement is provided below.

The main focus of this analysis is on five survey items that
broadly measure social or economic harm from COVID-19. The
first item, fielded to all survey respondents, solicits an answer to
the question, “In general, to what extent has your own life been
affected by the coronavirus situation?” We recode responses as a
binary variable, which takes a value of one if the response is “a
lot,” and zero if respondents reply “some” or “not at all.”

The second item, applicable only to people working at the start
of the pandemic, solicits whether respondents have experienced
each of the following as a result of the coronavirus situation?

(i) Temporarily stopped working at your job or business
(ii) Lost your job or business
(iii) Worked less hours at your job or business
(iv) Received LESS money than usual from your employer or

business

Respondents are instructed to answer “Yes” or “No”, or “Does
not apply” if they did not have a job leading up to the pandemic.
The World Poll includes a large number of other respondent-level
variables, which we only briefly describe below in context. On
average, 42% of adults responded that they were affected a lot;
24% reported permanently losing their job; 48% reported a
temporary job loss, and 47% reported lost income (see
Supplementary Table 9 for full text).

The advantage of the above survey items for the purpose of
assessing the welfare impacts of the COVID-19 pandemic, vis-à-
vis more traditional measures of economic changes, such as
employment status or income, stems from the fact that the
respondent is asked to attribute the severity of the overall impact,
or the different aspects of job and income losses to the pandemic
in a causal sense. This is important because many factors other
than COVID-19 could cause people to lose their job, leave the
labor force or experience emotional stress. Thus, while the
analysis in this paper relies on cross-sectional variation, the
framing of the key questions related to impacts help at least
partially guard against common omitted variable bias concerns in
such settings.
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A second advantage of these items is that respondents are well-
placed to know if an economic change in their life was caused by
the pandemic. The event itself was highly salient and often highly
disruptive to daily life, with clear time boundaries, tied to events
like international and national emergency declarations and stay-
at-home orders. In many cases, employers may have specifically
told employees that the cause of their layoff was the pandemic,
but even in the absence of that messaging, respondents would be
well aware of the timing of their job loss and the circumstances
leading up to it, which may include the business being shut down
or customers canceling contracts or no longer showing up.

Stringency of economic restrictions measures. The analysis
relates the above measures of economic harm to the stringency of
restrictions on economic activity imposed by governments. We
measure stringency of lockdowns by using data from the Oxford
COVID-19 Government Response Tracker (Hale et al. 2021). The
database evaluates national and sub-national government policies
along various dimensions.

Data are coded on an ordinal scale, such that values are
increasing with stringency. For business closures, 0 means no
measures, 1 means recommended closing or recommended work
from home, 2 requires the closing of some sectors, and 3 requires
the closing of all but essential workplaces, such as healthcare offices
and grocery stores. The data are collected for every day since the
start of 2020, which facilitates our analysis. Since we are studying
the cumulative economic effects up until the time of the survey, we
want a measure of the cumulative lockdown up to that point,
which we measure as the average stringency up until the month of
the survey. Hale et al. (2021) constructed a “stringency index” that
is the mean value of the stringency of the 8 containment policies
and one health-related policy. The latter measures the degree to
which public officials urged caution through coordinated efforts to
promote social distancing and related behavioral changes across
traditional and social media (see Supplementary Table 4 for full
description). For the purposes of our analysis, we restrict the
sample to data collected through March of 2021, to coincide with
our sample collection period. We standardize the stringency index
and its components to have mean 0 and a standard deviation of
one across all 184 countries in the database.

In our decomposition analysis, we focus on these containment
measures, as well as “health systems policies” which include
regulations of facial coverings, contact tracing, testing, vaccina-
tion policy, and protections of the elderly. We omitted investment
related policies because they are highly dependent on country
budgets and GDP.

In most cases, each country has a single daily measure for each
indicator. Sub-national data is available for only Brazil, Canada,
the United Kingdom, and the United States. For these countries,
we obtain population data from national statistical offices for the
sub-regions and use these as weights, so that the national value is
a population-weighted average of the subregional policies.3

It should be noted that stringency measures, such as those
related to social distancing and restrictions to physical mobility,
need not result in economic harm if the degree of compliance is
low, either because people are unable or do not want to comply
with the measures and the authorities lack the capacity to enforce
them. Thus, it is important to ascertain that stringency measures
are actually binding and do, in fact, lead to reduced mobility and
economic activity. To verify this, we rely on several sources of
data that speak to physical mobility and social distancing
dynamics (see Supplementary Materials).

One direct way of looking at restrictions to mobility is with the
aid of data from Google Community Mobility Reports. Using
mobile phone location software, these data show the percentage

change in visits to various places from a pre-COVID baseline
(January 3 to February 6, 2020). We focus only on visits to retail
and restaurants, described by Google LLC (2021) as: “places like
restaurants, cafes, shopping centers, theme parks, museums,
libraries, and movie theaters.” Roughly half of the adult
population in the sample reported direct contact with non-
household members, and visits to restaurants and similar places
were down 25% on the average day through the end of 2020.

One additional proxy measure for the degree of social distancing
that is directly relevant to COVID-19 transmission is related to
changes in the transmission of a parallel respiratory virus that was
common before the pandemic. A large drop in the transmission of
this parallel virus would suggest major behavioral changes relevant
to disease transmission, whereas the absence of change in its
transmission would suggest limited behavioral changes. Influenza
is close to ideal in providing this analytic opportunity. The most
significant problem is that flu cases are measured only based on
testing, and flu testing conditional on symptoms—like COVID
testing—is likely to vary by country. At the same time, by
comparing pre-COVID flu rates to COVID-era flu rates, we
control for unchanging country-level testing infrastructure and
practices. We, therefore, believe these data provide a valid measure
of changes in social distancing that include both policy-induced
and non-policy-induced behaviors. These data are from the World
Health Organization’s FluNet and include total positive influenza
cases per week by country for each year from 2016 to the 45th
week of 2021. The use of weekly data allows us to adjust for
seasonal effects, which vary by hemisphere and countries within
hemispheres. We are interested in the percentage change in weekly
cases during flu season before and after the pandemic, ending the
analysis on the 12th week of 2021 to coincide with the World Poll
data collection period. To identify the flu season for each country,
we calculate the weekly share of cases from 2016 to 2019 and
classify any week with at least 1% of annual cases as being part of
flu season. For the United States, this would include weeks 1–16
and weeks 47 through 52 of every year. For Australia, in the
Southern Hemisphere, it would include weeks 20–41. Unfortu-
nately, FluNet data are far from being comprehensive and many
countries are either entirely missing or only report a few weeks out
of the year. We require 90% reporting coverage during flu-season
weeks before and after the pandemic. We find that flu cases in the
2020–2021 flu season were just 18% of the mean number of flu
cases measured from 2016 to 2019 flu season in 74 countries.

As part of our robustness checks, we analyze the relationship
between stringency and changes in flu rates at the country-month
level. For this analysis, we calculate positive flu cases in the
current year (2020) relative to the previous year (2019) and the
year before that (2018) and take the average of these two rates
before aggregating this average to months. This gives us a
measure of flu rates relative to previous years that varies by
month and country.

We include an additional measure of subjective social
distancing. In partnership with Facebook, the University of
Maryland fielded a large-scale global daily survey of Facebook
users (the COVID-19 World Symptom Survey Data), reweighted
to be representative of the national population (Barkay et al.
2020). Using the University of Maryland API (Fan et al. 2020), we
were able to get weighted data for the percentage of respondents
who have reported having had direct contact (longer than 1 min)
with people not staying with them within the past 24 h. Using
data aggregated across 103 countries in 2020, 46% of respondents
report direct contact with a standard deviation of 10%.

Disease burden measures. The disease burden is measured in
terms of deaths per capita, which is preferable to the number of
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COVID-19 cases. We do not claim that every national health
system is equally likely to capture and correctly identify every
COVID-19 death, but nearly every country has formal systems to
record the causes of death. By contrast, the probability of seeking
testing conditional on the experience of symptoms is highly
contingent on factors that vary widely by country, such as cost,
guidelines on testing priorities, and the availability of tests.
Asymptomatic testing, moreover, also varies widely by country.
In short, data on COVID-19 cases per capita are very noisy
measures of the disease burden relative to deaths per capita.

To further guard against measurement error—and potential
bias stemming from lack of reporting—we include model-based
estimates of deaths from COVID-19 in our analysis from the
University of Washington’s Institute for Health Metrics and
Evaluation (IHME 2021). That analysis uses actual all-cause
mortality data for 56 countries, subtracts out known increases in
deaths, and determines estimates of actual COVID deaths. The
research team then models the ratio between reported deaths and
actual deaths for every country to arrive at a measure of total
COVID deaths. We regard these as credible alternative measures
of disease burden, as argued by Wang et al. (2022). IHME is the
source for both the official and estimate deaths used in our
models.

Details of analysis. Our analysis tests models at the individual
and country levels. For individual analysis, we study (1) how
experiences of economic harm relate to subjective-well-being
outcomes; (2) which demographic variables predict a greater risk
of harm; (3) whether the relationship between low-socioeconomic
status and harm is higher or lower in countries with high-
stringency versus low-stringency.

Predicting well-being. The initial findings test whether our mea-
sures of economic harm predict subjective well-being at the
individual level. We run linear OLS regression models of the
following form, where W is the outcome of interest, θ is a vector
of individual i demographic variables, C is an indicator for the
country of residence (a country fixed effect) c, and the errors are
clustered at the country level to account for within-country-level
measurement error. Since respondents answer the survey at dif-
ferent times t, time periods are measured in months, and months
fixed effects are included. In this setup, there are no country-level
regressors, other than the fixed effect.

Wi;c;t ¼ β0 þ β1θi;c;t þ Cc þMt þ ϵi;c;t ð1Þ
Predicting harm in a multilevel framework. The primary analysis
combines country-level and individual-level data and therefore
uses a multilevel model. We estimate the model using the mixed
program in Stata v17, allowing for one unique variance parameter
per random effect and maximum likelihood estimation. The
variance-covariance matrix is calculated to allow intragroup
correlation at the country level, where the data are structured by
countries and by month-years, allowing random intercepts that
vary by time and country (β0;c;t in Eq. 2). The dependent variable
is economic harm H measured at the individual level i in country
c during time t (Eq. 2). We include country-level time-varying
variables, captured in X in (Eq. 4). These are cumulative-to-date
measures of COVID-19 restrictions, economic support policies,
and COVID-19 deaths per capita.

When written out formally, Eq. 2 captures the first-level
individual specification. Harm varies by individual, country, and
time period and so do the errors, intercepts, and predictors.
Equation 3 represents level 2 (the time period). The mean
outcome for individuals is modeled as a function of the time
period and a random component. The time period mean varies by

country, since countries faced different disease and economic
trajectories during the pandemic. Level 3 is modeled in Eq. 4. The
mean outcome by country and time period is a function of the
mean across all groups, a country and time-varying component,
and a random country-varying component. Equation 5 combines
the multiple levels into our preferred model. The fixed
components are the first three terms, whereas the random
components are the final three. The estimation procedure in Stata
uses maximum likelihood. This exposition follows the discussion
from Tascam Giorgio et al. (2009) and Oshchepkov and
Shirokanova (2022).

Hi;c;t ¼ β0;c;t þ β1θi;c;t þ ϵi;c;t ð2Þ

β0;c;t ¼ δ0;c;t þ ut ð3Þ

δ0;c;t ¼ γ0 þ γ1Xc;t þ vc ð4Þ

Hi;c;t ¼ γ0 þ γ1Xc;t þ β1θi;c;t þ ϵi;c;t þ ut þ vc ð5Þ
Country-level variables are cumulative-to-date time-varying

for several reasons. A single cumulative measure would include
information that occurred after measurement for survey respon-
dents who interviewed in early waves, and this would introduce
unnecessary error into the model. A time-varying metric that is
not cumulative-to-date would be a problem, because the outcome
variable measures cumulative harm-to-date, as in “have you ever
lost your job as a result of the coronavirus situation?” Since a
measure that ignores the past can hardly be expected to predict
the past, this approach would also introduce error.

The individual-level measures are demographic indicators for
age, gender, foreign-born status, education, income, and urbani-
city. We also include an indicator for whether the respondent is
out of the labor force at the time of the survey. Since most of our
measures of harm involve job loss, they are not usually applicable
to those who were out of the labor force, whose lives were less
likely to have been affected. We omit current unemployment
status because many people recently harmed through job loss or
one of the other measures may still be unemployed at the time of
the survey.

The results from our baseline model can be used to assess the
appropriateness of our multilevel modeling strategy. Both of the
random intercepts are significant at 95% confidence levels (see
Table 1). The country level explains approximately 8.8% of the
total variation, whereas the time-period effect is just 0.8%. The
intraclass correlations are 8% at the country level and 8.8%
combined and both significant, confirming our assumption that
individual-level errors are correlated with higher-level errors. The
model’s results are reported in Table 1 using the harm index and
job loss as the predicted outcomes; results predicting income loss,
whether the respondent was affected a lot by the pandemic,
temporary job loss, and loss of hours are reported in the
Supplemental Materials (ST5, ST6, ST7, and ST8).

We also report the results of models that interact household
income quintile with stringency (Fig. 2). These models are
identical to our primary specification except they include
additional interaction terms along the lines of

β2Xc;t ´ θi;c;t
where β2 identifies the slope of harm for an income group as
stringency increases. Figure 2 plots the mean predicted values
from these models for each quintile after collapsing the data to
centiles of stringency. Since we are interested in how effects vary
by socioeconomic status, we drop educational attainment levels
from the model (which is included in our benchmark model), so
that the income effects are not conditional on education level.
Standard errors are estimated in the plots by regressing the
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Table 1 a Multilevel model regressing harm and job loss on country-level restrictions on economic activity and individual-level
predictors. b Multilevel model regressing job loss on country-level restrictions on economic activity and individual-level
predictors.

a

Harm index

1 2 3 4 5 6

Country-level variables
Stringency index—cumulative-to-date (standardized) 0.314** 0.288** 0.316** 0.285** 0.308**

(0.053) (0.054) (0.053) (0.054) (0.053)
Economic support index—cumulative-to-date
(standardized)

−0.068 −0.058 −0.076 −0.062 −0.085* −0.076*

(0.040) (0.039) (0.039) (0.038) (0.037) (0.036)
Officially reported COVID-19 deaths per capita −0.001 −0.001 −0.002

(0.001) (0.001) (0.001)
Visits to restaurants and related establishments 0.007* 0.006 0.005

(0.003) (0.003) (0.003)
Estimated actual COVID-19 deaths per capita −0.000 −0.000 −0.000

(0.001) (0.001) (0.001)
1st quintile of stringency (ref = 5th) −0.292**

(0.041)
2nd quintile of stringency (ref = 5th) −0.243**

(0.034)
3rd quintile of stringency (ref = 5th) −0.156**

(0.028)
4th quintile of stringency (ref = 5th) −0.106**

(0.024)
Individual-level variables
Not in labor force −0.184** −0.187** −0.184** −0.187** −0.185**

(0.017) (0.018) (0.017) (0.018) (0.018)
City (relative to rural) 0.085** 0.076** 0.085** 0.076** 0.077**

(0.010) (0.010) (0.010) (0.010) (0.010)
Suburb (relative to rural) 0.074** 0.066** 0.074** 0.066** 0.066**

(0.011) (0.010) (0.011) (0.010) (0.010)
Town (relative to rural) 0.036** 0.034** 0.036** 0.034** 0.034**

(0.008) (0.008) (0.008) (0.008) (0.008)
Born outside of country 0.069** 0.064** 0.069** 0.064** 0.067**

(0.012) (0.012) (0.012) (0.012) (0.012)
Elementary education (relative to tertiary) 0.096** 0.100** 0.096** 0.100** 0.100**

(0.014) (0.014) (0.014) (0.014) (0.015)
Secondary education (relative to tertiary) 0.068** 0.066** 0.068** 0.066** 0.065**

(0.010) (0.011) (0.010) (0.011) (0.011)
Age 15–19 −0.067* −0.074* −0.067* −0.074* −0.073*

(0.028) (0.030) (0.028) (0.030) (0.030)
Age 20–29 0.055* 0.049 0.055* 0.049 0.050

(0.026) (0.027) (0.026) (0.027) (0.027)
Age 30–39 0.110** 0.105** 0.110** 0.105** 0.108**

(0.024) (0.025) (0.024) (0.025) (0.025)
Age 40–49 0.091** 0.086** 0.091** 0.086** 0.088**

(0.025) (0.025) (0.025) (0.025) (0.026)
Age 50–64 0.045 0.043 0.045 0.043 0.045

(0.024) (0.025) (0.024) (0.025) (0.025)
Age 65–79 −0.001 −0.000 −0.001 −0.000 0.001

(0.020) (0.021) (0.020) (0.021) (0.021)
Married or with domestic partner −0.029** −0.029** −0.029** −0.029** −0.030**

(0.007) (0.007) (0.007) (0.007) (0.007)
Live with children under age 15 0.030** 0.026** 0.030** 0.026** 0.025**

(0.007) (0.007) (0.007) (0.007) (0.007)
Female living with children under 15 −0.020* −0.017 −0.020* −0.017 −0.015

(0.009) (0.009) (0.009) (0.009) (0.009)
Female 0.007 0.007 0.007 0.007 0.007

(0.007) (0.008) (0.007) (0.008) (0.008)
Bottom-income quintile (relative to top-fifth) 0.200** 0.206** 0.200** 0.206** 0.209**

(0.014) (0.015) (0.014) (0.015) (0.015)
Second income quintile (relative to top-fifth) 0.163** 0.169** 0.163** 0.169** 0.171**

(0.012) (0.012) (0.012) (0.012) (0.012)
Third income quintile (relative to top-fifth) 0.124** 0.130** 0.124** 0.130** 0.132**
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Table 1 (continued)

a

Harm index

1 2 3 4 5 6

(0.010) (0.010) (0.010) (0.010) (0.010)
Fourth income quintile (relative to top-fifth) 0.064** 0.066** 0.064** 0.066** 0.067**

(0.008) (0.008) (0.008) (0.008) (0.008)
Constant 0.002 −0.226** −0.045 −0.228** −0.061 0.060

(0.022) (0.034) (0.096) (0.033) (0.096) (0.092)
Random effect: county-level variance −1.523** −1.558** −1.602** −1.557** −1.600** −1.573**

(0.069) (0.071) (0.074) (0.072) (0.076) (0.079)
Random effect: month-level variance −2.681** −2.710** −2.711** −2.710** −2.710** −2.729**

(0.074) (0.074) (0.078) (0.074) (0.078) (0.084)
Residual variance −0.318** −0.344** −0.348** −0.344** −0.348** −0.348**

(0.011) (0.010) (0.011) (0.010) (0.011) (0.011)
Log-likelihood −329,253 −289,861 −265,161 −289,861 −265,162 −260,937
Sample size 298,985 269,725 247,679 269,725 247,679 243,636

b

Lost job, permanently

1 2 3 4 5 6

Country-level variables
Stringency index—cumulative-to-date (standardized) 0.159** 0.142** 0.156** 0.146** 0.158**

(0.031) (0.030) (0.029) (0.030) (0.030)
Economic support index—cumulative-to-date (standardized) −0.059** −0.054** −0.064** −0.051* −0.063** −0.061**

(0.022) (0.020) (0.021) (0.020) (0.021) (0.020)
Officially reported COVID-19 deaths per capita 0.000 0.000 −0.000

(0.001) (0.001) (0.001)
Visits to restaurants and related establishments 0.005** 0.005** 0.004**

(0.002) (0.002) (0.002)
Estimated actual COVID-19 deaths per capita 0.000 −0.000 0.000

(0.000) (0.000) (0.000)
1st quintile of stringency (ref = 5th) −0.137**

(0.029)
2nd quintile of stringency (ref = 5th) −0.125**

(0.027)
3rd quintile of stringency (ref = 5th) −0.088**

(0.026)
4th quintile of stringency (ref = 5th) −0.065**

(0.025)
Individual-level variables
Not in labor force −0.049** −0.051** −0.049** −0.051** −0.052**

(0.007) (0.007) (0.007) (0.007) (0.007)
City (relative to rural) 0.019** 0.016* 0.019** 0.016* 0.016*

(0.007) (0.006) (0.007) (0.006) (0.006)
Suburb (relative to rural) 0.020** 0.019** 0.020** 0.019** 0.018**

(0.007) (0.007) (0.007) (0.007) (0.007)
Town (relative to rural) 0.008 0.008 0.008 0.008 0.008

(0.004) (0.004) (0.004) (0.004) (0.004)
Born outside of country 0.030** 0.025** 0.030** 0.025** 0.026**

(0.007) (0.007) (0.007) (0.007) (0.007)
Elementary education (relative to tertiary) 0.099** 0.100** 0.099** 0.100** 0.101**

(0.008) (0.008) (0.008) (0.008) (0.008)
Secondary education (relative to tertiary) 0.051** 0.049** 0.051** 0.049** 0.049**

(0.006) (0.006) (0.006) (0.006) (0.006)
Age 15–19 −0.026 −0.029 −0.026 −0.029 −0.030

(0.016) (0.017) (0.016) (0.017) (0.017)
Age 20−29 0.053** 0.049** 0.053** 0.049** 0.051**

(0.014) (0.015) (0.014) (0.015) (0.015)
Age 30−39 0.052** 0.048** 0.052** 0.048** 0.050**

(0.013) (0.012) (0.013) (0.012) (0.012)
Age 40−49 0.031* 0.028* 0.031* 0.028* 0.030*

(0.012) (0.012) (0.012) (0.012) (0.012)
Age 50−64 0.007 0.005 0.007 0.005 0.007

(0.013) (0.013) (0.013) (0.013) (0.013)
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group-specific effect sizes on the stringency centile rank. These
approximate the standard errors from the larger database.

To test the differences between policies, we replicate the
analysis from Eq. 5 and Table 1 using our preferred multilevel
model and report the coefficients and standard errors (Fig. 3).

Results
Summary data. Across the 117 countries included in the Gallup
World Poll from July 2020 to March 2021, 42% of adults said they
were affected a lot by the pandemic, weighting responses by
population. Among those who were in the labor force leading up
to the pandemic, 51% were laid off temporarily, 50% lost hours,
49% lost income, and 27% lost their job (see ST3).

These outcomes varied widely by country and continental sub-
region. In Eastern Asia, Western Europe, and Northern Europe,
only 4.3%, 6.4%, and 6.8% permanently lost their job,
respectively, but in Southern and South-eastern Asia it was
49.0% and 44.1%, respectively. In Northern America and Western
Asia, 50.1% and 57.4% said their lives were affected a lot. In
Western Europe, this was just 29.5%. Meanwhile, cumulative
deaths per capita were much higher in Europe and North
America relative to Africa and South Asia (ST2), suggesting that
the disease burden is unlikely to explain these findings.

A general pattern, found in the data, is that low-income
countries experienced a relatively low disease burden from
COVID-19 but a high economic burden. This mismatch between
the health burden of the pandemic and its social burden suggests
an important role for policy. GDP per capita measured in 2019
PPP-adjusted dollars is negatively correlated with the share of

population reporting a COVID-related job loss (–0.74), but
positively correlated with deaths per capita (0.35) and estimated
deaths per capita (0.18), using data from (Wang et al. 2022). GDP
per capita is also highly correlated with an economic support
index (0.55). Yet, GDP per capita has no correlation with the
stringency index for disease suppression policies (0.02), even
though stringency predicts greater job loss (0.19) and economic
support predicts less job loss (–0.40).

Importantly, these relationships would be missed using Google
mobility as economic indicators. Visits to restaurants were
negatively correlated with GDP per capita (–0.20) and positively
correlated with job loss (0.15). In other words, Google data
provides the opposite signal as survey-based data. Other Google
mobility measures showed the same pattern, including use of
transportation and visits to work. It seems that in rich countries,
people were able to withdraw from discretionary in-person
economic activity—including work—while preserving their jobs
and income to a much greater extent than in low-income
countries, likely because of the development of digital service
markets.

Validating a novel measure of economic harm. Before
describing the primary results, we establish grounds for accepting
the validity of our key measures. Further information is provided
in the Methods section and Supplementary Text. First, we create a
“harm index” as the standardized individual-level mean of
responses to five survey items about how respondents’ lives have
been affected by the coronavirus situation. They are as follows:
whether their lives have been affected a lot, whether they lost their

Table 1 (continued)

b

Lost job, permanently

1 2 3 4 5 6

Age 65−79 −0.027* −0.026* −0.027* −0.026* −0.025
(0.013) (0.013) (0.013) (0.013) (0.013)

Married or with domestic partner −0.024** −0.023** −0.024** −0.023** −0.024**
(0.005) (0.005) (0.005) (0.005) (0.005)

Live with children under age 15 −0.005 −0.007 −0.005 −0.007 −0.008
(0.005) (0.005) (0.005) (0.005) (0.005)

Female living with children under 15 0.010 0.012* 0.010 0.012* 0.012*
(0.006) (0.006) (0.006) (0.006) (0.006)

Female −0.001 −0.001 −0.001 −0.001 −0.001
(0.004) (0.004) (0.004) (0.004) (0.004)

Bottom-income quintile (relative to top-fifth) 0.169** 0.171** 0.169** 0.171** 0.172**
(0.010) (0.010) (0.010) (0.010) (0.010)

Second income quintile (relative to top-fifth) 0.115** 0.119** 0.115** 0.119** 0.118**
(0.008) (0.008) (0.008) (0.008) (0.009)

Third income quintile (relative to top-fifth) 0.082** 0.086** 0.082** 0.086** 0.086**
(0.007) (0.007) (0.007) (0.007) (0.007)

Fourth income quintile (relative to top-fifth) 0.042** 0.043** 0.042** 0.043** 0.043**
(0.005) (0.005) (0.005) (0.005) (0.005)

Constant 0.089** 0.089** 0.221** 0.092** 0.223** 0.290**
(0.019) (0.019) (0.053) (0.018) (0.052) (0.056)

Random effect: county-level variance −2.147** −2.147** −2.169** −2.151** −2.170** −2.152**
(0.088) (0.088) (0.092) (0.087) (0.092) (0.102)

Random effect: month-level variance −3.347** −3.347** −3.347** −3.343** −3.347** −3.355**
(0.082) (0.082) (0.089) (0.082) (0.088) (0.094)

Residual variance −0.920** −0.920** −0.924** −0.920** −0.924** −0.927**
(0.021) (0.021) (0.022) (0.021) (0.022) (0.022)

Log-likelihood −106,704 −106,704 −98,179 −106,704 −98,178 −96,003
Sample size 221,921 221,921 205,125 221,921 205,125 201,699

Standard errors in parentheses, robust to heteroskedasticity and adjusted for autocorrelation within time-period and country. **p < 0.01, *p < 0.05. Google mobility trends refer to visits to places like
restaurants, cafes, shopping centers, theme parks, museums, libraries, and movie theaters relative to pre-pandemic patterns.
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job or business temporarily or permanently (two distinct items),
whether they worked fewer hours, or whether they received less
money. Using the global sample, each item is standardized to
have a mean of zero and a standard deviation of one.

The results show that the economic harm index—and its
component parts—strongly predict four measures of subjective
well-being, covering (1) changes in subjective living standards, (2)
current life evaluation, (3) experiences of worry, and (4) lack of
money for food (wording is provided in Supplementary Table 3).
Essentially, we regress these outcomes on the harm index,
controlling for respondent demographics and country fixed
effects. Each component of harm is strongly and significantly
associated with lower well-being using all four measures.
Moreover, when each component of harm is included in the
same model, all of them are significant, except for the loss of
hours, which is highly correlated with the others. Since each
variable adds information, we consider the harm index to be the
most comprehensive measure of several dimensions: job loss,
income loss, and subjective disruption to life (Fig. 1).

We considered several alternative measures of our harm index,
including a factor analysis-based index, one that only uses the
four labor market items (excluding whether the respondent was
affected more generally), and one that combines temporary and
permanent layoffs. Based on empirical investigations discussed in
the Supplemental Text and summarized in Supplementary Table
10, our preferred measure is the one used here, though the results

reported in Table 1a—testing the association with stringency—are
almost exactly the same, when we replace the harm index with
these alternatives.4

Next, we check the reliability and validity of World Poll data
on employment losses against alternative sources. World Poll data
on the job loss rate are broadly aligned with administrative data
on changes in the official unemployment rate (correlation is 0.52
in 52 countries). Yet, in addition to broader coverage, the World
Poll measures are superior in two respects: harmonization in
measurement and a causal link with COVID-19. Note, we are not
suggesting that this fact implies that our estimators are causal.
The point is that respondents are asked to report on an outcome
that they believe is causally linked to the pandemic. This is a
different question about whether they believe it is causally linked
to stringent policies, which is a much harder question. None-
theless, this is a large conceptual advance over asking whether
someone is employed or not and assuming any change from pre-
to post-pandemic is caused by the pandemic.

Consider that in normal times, except in rare cases,
“unemployment” requires that adults are out of work but seeking
and able to work. If the latter two conditions are unmet, the
person is considered out of the labor force, but not unemployed.
COVID-19, however, resulted in many people losing their job but
temporarily halting efforts to find a new one—for various reasons.
Statistical offices around the world took different non-
harmonized approaches to classifying such persons, resulting in

Fig. 1 Estimated mean effect and confidence interval of different forms of economic harm on probability that respondent’s living standard is
getting worse. Data are from the Gallup World Poll. Analysis includes approximately 222,000 respondents when restricted to the working population,
which is used for the economic outcome measures. All models include demographic controls and country effects. The red diamonds show results when all
variables, except the harm index, are used in the same model.
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different methodological bases for documenting unemployment
rate levels and changes. Moreover, COVID-19 was not the only
causal factor affecting social and economic conditions around the
world, so the World Poll data also improve conceptual validity by
asking respondents to attribute their economic harm to the
pandemic and allowing them to express it along several
dimensions (see Supplementary Text for further discussion of
these issues).

Finally, we show that our primary policy measure also meets
basic validity criteria, as discussed in Hale et al. (2021). Stringency
is weakly and positively related to COVID death rates but more
closely related to measures of social distancing, particularly those
involving declines in visits to restaurants and small businesses
(Supplementary Text and Supplementary Fig. 1). We examine
two additional and related outcomes in the supplement. In more
stringent countries, self-reported social contact (available from a
non-representative alternative survey covering a smaller number
of countries) tends to be lower and reported cases of seasonal flu
fell further from baseline season-adjusted trends—for the subset
of countries with high-quality flu data. This provides further
evidence that the behaviors associated with respiratory disease
transmission (e.g., social contact) fell further where disease-
suppression policies were strongest, but flu case data are likely
more informative than COVID-19 case count data, since flu
surveillance systems were well-established before 2020, and
COVID surveillance relied on novel tests that were neither
available uniformly globally nor across regions within countries.
Taken together, this evidence suggests a plausible link between
stringency and economic outcomes.

Stringency measures and economic harm: main results. We
now proceed with the main research question—whether more
stringent restrictions are associated with a greater degree of
economic harm, and what demographic factors are most strongly
associated with harm. The stringency of mitigation policies is
measured by the COVID-19 Government Response Tracker
(Hale et al. 2021). Harm is aggregated from the World Poll
microdata, using sample weights to ensure national representa-
tion. The analysis regresses harm on stringency (see Methods)
and a vector of demographic variables in a multilevel model, with
country and month-year levels.

Column (1) of Table 1a reports the regression-adjusted
correlation between policy stringency and an index of economic
harm, with no individual-level controls. A one standard deviation
increase in the stringency index predicts a 0.31 increase in harm
(0.40 for a std deviation unit of harm). Colum (2) adds
individual-level demographic controls. The coefficient on harm
falls—in absolute value terms—only slightly to 0.29 increase in
harm (0.37 std dev). This model includes cumulative-to-date
measures of reported COVID-19 deaths per capita and an index
of economic support, as well as a rich list of individual-level
controls, and country and month effects.

The economic support index is measured by the Oxford
database (Hale et al. 2021) and captures the record of the
government providing direct cash payments to people who lose
their jobs or cannot work, including payments to firms that are
linked to payroll/salaries, as well as the record of the government
freezing financial obligations for households (e.g., stopping loan
repayments, preventing services like water from stopping or
banning evictions). Models 1–3 suggest that the degree of
economic support is not correlated with the extent of economic
harm, but a significant and negative effect is found after adjusting
for the observed economic behavior of the population (using
Google mobility) and using a measure of COVID deaths per
capita that considers measurement error in reporting (columns 5

and 6 of Table 1a). These latter results more closely approximate
the country-level bivariate correlation between harm—aggregated
using all observations—and economic support averaged through
2020, which is negative (r=−0.32).

In our conceptual model, stringency may be confounded with
behavioral changes—such as voluntary social distancing—that
would have happened even in the absence of government
regulations. To account for this, in columns/models 3, 5, and 6,
we control for a cumulative-to-date measure of visits to
restaurants, cafes, and discretionary (non-grocery) shopping,
using cell-phone-based data from Google Mobility. Conditional
on government policies, visits to restaurants predict greater harm
in model 3, but there is no significant relationship when using the
error-corrected measure of deaths.

As another robustness check, in columns 3–6, we replace
reported deaths per capita with a model-based measure of actual
deaths, based on seroprevalence rates and other observable
factors. These estimates are generated in (IHME 2021) as
discussed in (Wang et al. 2022). Using either measure, the
correlation between COVID deaths per capita and economic
harm does not reach significance at 95% confidence levels.

Finally, column six drops the continuous measure of stringency
in favor of binary measures of stringency set to equal one for each
quintile of severity. The most stringent quintile is the omitted
reference group. This setup accounts for potential non-linear
effects of stringency. The quintiles are all negative, significant,
and decreasing in a roughly linear pattern, such that lower levels
of stringency predict less harm at each point in the distribution,
though not entirely to the same extent. The coefficient on the first
quintile is −0.30, which is very close to the corresponding
coefficient in column 5 (−0.31), which uses the continuous
stringency measure in an otherwise identical model. Thus,
comparing the top-to-bottom-quintile of stringency yields a
result that is well-approximated by a unit of the stringency index.
The marginal effect sizes seen from comparing one quintile to the
next range from −0.11 (comparing the fifth quintile to the fourth
or the third to the second) to −0.05 (comparing the fourth to the
third or second to the first).

To test whether our results are sensitive to the use of our
index—and the assumptions underlying it, we run the same six
models using permanent job loss (whether the respondent lost
his or her job as a result of the pandemic) as the dependent
variable (Table 1b). Coefficients on stringency range from 14.2
to 15.9 ppts (with a margin of error of approximately 5.9 at 95%
CI). The job loss rate has a standard deviation of 0.45 (see ST1).
Converting the effect size to standardized units yields values
ranging from 0.32 to 0.35 ppt (MOE of 0.13 at 95% CI), which
are slightly smaller than those found for the harm index:
0.37–0.41 (MOE of 0.14 at 95% CI).

Relative to the most stringent quintile, adults in the least
stringent countries were 14 ppt less likely to have experienced job
loss, which is slightly less in absolute magnitude than the
comparable linear estimate (16 ppt in column 5 of Table 1b).
The marginal effects on job loss rates of a one-unit change in the
quintile range from 1.2 to 6.5 ppt. Economic support is negatively
and significantly related to job loss, but we cannot reject the null
hypothesis that the number of deaths per capita has no effect on
job loss, and visits to restaurants predict slightly more job loss,
surprisingly.

In the supplemental materials, we show similar results using
income loss (ST5), whether the respondent was affected a lot
(ST6), temporary job loss (ST7), and loss of hours (ST8) as the
dependent variables. Stringency is strongly and positively related
to each outcome. Economic support predicts less adverse
outcomes with respect to loss of hours, temporary layoff, but
not whether the respondent was affected a lot. The results of
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economic support were mixed for income loss, showing some
evidence that these policies may have mitigated income loss.

These models also allow us to see which demographic variables
are most closely related to harm, and to test the relationship
between socioeconomic status and harm. The ratio of coefficients
to standard errors (the t-statistic in OLS models and a z-statistic
in random effects models) provides a valid measure of variable
importance, as pointed out by Bring (1996). Columns 2 of Table
1a, b are our preferred models, as they allow government
restrictions on economic activity to affect visits to restaurants and
use reported COVID deaths.

By variable importance, income status was more closely linked
to harm than any other demographic variable considered in our
model, and lower-income predicted more harm, consistent with
the literature. Moreover, even with income in the model, higher
educational attainment is strongly associated with less harm.
Socioeconomic status—measured through income or education—
is more predictive than urbanicity, gender, foreign-born status,
age, child-rearing status, or marital status. These results are
consistent with the findings of several earlier studies that similarly
find greater job losses among the more vulnerable population
groups (Bundervoet et al. 2021; Kugler et al. 2021; Narayan et al.
2022; World Bank 2022; Rothwell and Smith 2021), but confirm
them across a much wider and more comprehensive number of
countries during the same time period.

The z-stat for those in the second-lowest quintile is 14.1, and it
is 14.0 for those at the bottom, with coefficients of 16 and 20 ppt,
respectively. These are the two largest z-statistics in absolute value
terms. Workers in the bottom-quintile experienced 0.26 standard
deviations of additional harm relative to those in the top quintile.
Workers with an elementary education also saw a large increase
in harm (9.6 ppt) compared to those with a tertiary (or college)
education. Women did not experience more or less harm than
men, but women with children under 15 experienced less harm,
as did married couples or those living as domestic partners,
relative to those living alone or in other arrangements. Young
adults aged 30 to 39 experienced more harm than any other age
group. By urbanicity, residents of cities saw the most harm,
whereas workers in rural areas experienced the least harm.
Foreign-born residents experienced significantly more harm than
those born domestically. People out of the labor force at the time
of the survey—and possibly throughout the pandemic—reported
less harm, likely because they had less to lose.

Looking at job loss (Table 1b) and other outcomes (ST5-ST8),
the patterns are broadly similar. The largest estimated effect (16.9
ppt) and largest z-statistic (16.9) is for those at the bottom
quintile of the household earnings distribution. The next largest
effect is for those in the second-lowest quintile (12 ppt; 13.9 z-
stat), followed by those with elementary education (10 ppt; 12.7 z-
stat). There are no gender differences in job loss risk, and workers
who are married or living with a domestic partner experienced
less risk. Again, young adults aged 30 to 39 (5.2 ppt; 4.1 z-stat).

From the perspective of variable importance, the stringency
index is less important than household income but more important
than age, gender, and some measures of urbanicity in predicting
harm (5.3 z-stat). It is comparable to secondary education (6.6 z-
stat) and foreign-born status (5.7) In models predicting job loss,
stringency is more important than foreign-born status and
urbanicity, but less important than education or income (4.8 z-stat).

In the supplemental text, we discuss an out-of-sample test of
the relationships between stringency and loss of income, using
alternative U.S.-based data sources organized at the state level.
Using a linear OLS model, we find that cumulative stringency
predicts 0.6 standard deviations of additional COVID-related job
loss (3 ppt) across U.S. states, controlling for median household
income, COVID deaths per capita, and the percent of households

who telework. The results are even stronger using pre-COVID
party control as an instrumental variable in a two-stage least
squares model. While party control is strongly related to policy, it
is unclear if it is truly exogenous to loss of income from COVID-
19 through channels other than COVID-related policies (ST11).
We regard these results as supportive but still quite limited in
establishing a causal relationship.

Socioeconomic status and heterogenous effects of stringency. The
previous discussion considered the average country-level effects
of policy stringency on economic harm. Here, we consider that
public health policies, even when they are implemented uniformly
at the national level, may not affect all households and individuals
in the same way. To do so, we add interaction effects to our
baseline multilevel models, multiplying stringency with binary
variables for each income quintile. Using the results of this model,
we forecast the harm index and job loss separately for each
income group (see methods).

If lower-income households were more likely to be affected by
restrictions on economic and social activity, then we should find a
steeper slope between harm and stringency for lower-income
groups relative to higher-income groups. This is exactly what we
find (Fig. 2). The slope on the stringency-bottom-income quintile
coefficient is 0.12 ppt higher than the slope on stringency-top
income for the harm index and job loss rate; it is 0.08 for whether
the respondent was affected a lot and 0.04 for temporary layoffs.
Except for temporary layoffs, the results are significant at 99%
confidence levels.

In the least restrictive policy regimes by centile rank, there is
little or no difference in outcomes between the highest and
lowest-income groups. For example, using the job loss rate, the
gap is negative (6.5% for highest versus 5.2% for lowest) for the
bottom centile of stringency, but it expands rapidly as
stringency increases. In the top centile of stringency, the gap
is very large (18.8% for highest-income group versus 46.9% for
the lowest), with small error bars. Thus, this is strong evidence
that policies meant to suppress the spread of the coronavirus
were associated with a widening of economic inequality between
income groups.

Alternative policy responses and economic harm. We consider that
restricting social and economic activity was not the only tool
available to public health officials. Widespread testing, meticulous
contact tracing, social distancing focused on the elderly, travel
restrictions, and use of facial coverings outside of one’s home are
alternatives to universal social distancing and some do not
necessarily limit economic behavior. The Oxford database tracks
these and several other policies, and we tested these in our pre-
ferred multilevel model that controls for COVID-19 deaths and
economic support.

In predicting the harm index (Fig. 3, top panel), we find that
some, but not all policy measures are positively associated with
economic harm, and many policies have no significant relation-
ship with harm. While no policies were negatively and
significantly related to harm, vaccination policy, restrictions on
gathering, public information, testing policy, contact tracing, and
protection of the elderly were all insignificant, with the latter two
having negative coefficients. In order of effect size, the overall
index, school closings, internal travel restrictions, the closing of
public transportation, stay-at-home-orders, canceling public
events, mask orders, workplace closings, and international travel
restrictions were each significantly associated with harm. The
results and policy rankings are very similar using job loss as the
dependent variable (Fig. 3, bottom panel). The only substantive
difference is that restrictions on gatherings are significantly
associated with job loss but not the harm index.
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Discussion
The restrictions to mobility and economic activity deployed by
governments to contain the spread of coronavirus presumably saved
many lives, by delaying transmission until effective treatments and
vaccines countrhardship for many households around the world, and
restrictions may have exacerbated the scale and severity of hardship.
Our research uses the best available data to describe these outcomes,
how they varied within and across countries, and to what extent they
were linked to pandemic restrictions and other public health policies.

Soon after the start of the pandemic and throughout the first year,
we document that many people around the world believed they were
affected a lot and/or experienced job loss, income loss, or loss of
hours, because of the pandemic. These outcomes were associated
with negative levels and self-reported changes in subjective well-
being and hardship. Moreover, this hardship was greater—around
the world—for people with lower socioeconomic status, as measured
by educational attainment or within-country income rank.

People were not asked whether or not their government’s
response to the pandemic was harmful or helpful or how it
affected them across various dimensions, and it would be difficult
for any individual to know. We, therefore, use variation in the
timing and severity of government responses across 117 countries
to estimate the association between government policies and self-
described economic harm at the individual level.

We find robust evidence that countries adopting more stringent
disease suppression policies experience a higher rate of economic
harm. This is found in models that simultaneously account for
individual-level demographic variables, month-specific disease
dynamics, and time-varying country measures of the disease bur-
den and policy environment. These partially confirm the work of
previous scholars conducting country-specific or regional analyses
and add richer, more comprehensive evidence to support that
work. Moreover, the associations between stringency and harm are
stronger for individuals with lower levels of baseline socioeconomic
status.

In addition, we find that stringent economic and social restric-
tions predict more severe harm globally, but other public health
efforts—such as contact tracing, widespread vaccination, and spe-
cial protections of the elderly did not predict economic harm.

A limitation of this analysis is that disease-suppression policies
—like all government laws—are not randomly assigned, even
though many of the policies studied were novel in their appli-
cation as of 2020. We cannot rule out the possibility that our
results are biased by omitted time-varying variables operating at
the country level. Few variables successfully predict the disease
burden of COVID, making instrumentation difficult, though we
attempted such an analysis using U.S. states, as discussed in the
supplemental materials. Another limitation—one shared by all

Fig. 2 Testing for heterogenous associations between stringency and socioeconomic status by within-country quintile of household income. Plots
model-predicted outcome by income group, where outcome is measured as the Harm index (A); whether the respondent experienced permanent job loss
(B); whether respondent is affected a lot by COVID (C); whether respondent was temporarily laid off (D). Each model is a weighted mixed multilevel linear
regression with country and month-year levels and interactions between cumulative-to-date stringency and within-country household income quintiles.
Other control variables include whether the respondent was out of the labor force at time of survey, age group, gender, foreign-born status, marital status,
the presence of children, and a category for level of urbanicity. Sample size is 269,725 observations in 117 countries. 95% confidence intervals are shaded
around the prediction line. Point-estimates are shown as hollow diamonds or circles for top and bottom-income quintiles, respectively.

HUMANITIES AND SOCIAL SCIENCES COMMUNICATIONS | https://doi.org/10.1057/s41599-023-02571-4 ARTICLE

HUMANITIES AND SOCIAL SCIENCES COMMUNICATIONS |           (2024) 11:78 | https://doi.org/10.1057/s41599-023-02571-4 11



data collection agencies worldwide—is that the pandemic forced
Gallup’s partners to switch the mode of collection from face-to-
face to phone-based collection in most countries during the early
periods of the pandemic. The data were mode-adjusted, but there
may be residual error from these adjustments affecting the results.

To be clear, these data do not allow for any clear cost-benefit
calculation with respect to the pandemic-related policies. It is well
beyond the scope of this research to attempt to estimate benefits
and how they might vary by country or groups of people within
countries. These data, however, could help provide benchmark
estimates for costs, though we stress that our estimates should not
be interpreted as causal effects, but rather associations between
economic outcomes and policies.

A key question for future research is whether alternative
policies could have been enacted—or could be enacted during
future pandemics—that are able to save lives and mitigate disease
without generating widespread economic harm, or dispropor-
tionate harm to the poorest households. These are difficult issues
involving substantial uncertainty as well as value judgments that
are sure to vary across individuals and countries.

Data availability
All replication code (Stata v17), microdata, and aggregate
data needed to replicate the analysis are available here

https://dataverse.harvard.edu/dataset.xhtml?persistentId=doi:
10.7910/DVN/8SET4W. Questions should be directed to the
corresponding author.

Received: 13 June 2023; Accepted: 21 December 2023;

Notes
1 While China was part of the World Poll, it is not included in the analysis, since these
items were not fielded on its survey.

2 A weighting variable was calculated by Gallup statisticians in multiple stages for each
respondent to allow researchers to generate nationally representative estimates for
each country. Base weights were calculated based on the probability of selection and
post-stratification weights were calculated to adjust for non-response bias by gender,
age, and, in some countries, education or socioeconomic status.

3 Stringency measures are missing for several countries in our sample, including Guinea,
North Macedonia, Montenegro, and Kosovo. We found no relationship between our
harm index and whether stringency, deaths per capita, inequality, or flu growth
variables were missing. The correlation between the harm index and whether these
variables are missing is approximately zero.

4 Formally, we standardize the three outcome variables: our original harm index, the
PCA-based harm index, and the labor market harm index (with 4 instead of 5 items)
and run the models shown in Table 1 column 4. The coefficient on stringency is 0.38,
0.39, and 0.38, across the respective models. These results are shown in Supplementary
Table 10, panel A.

Fig. 3 Alternative policy measures and economic harm. Plots of standardized coefficients of mixed multilevel regression models. Dependent variables are
the harm index (A, at top) or the job loss rate (B, at bottom). The figures plot the coefficients and 95% confidence intervals of 15 policy measures, each
separately estimated, standardized, and measured as cumulative-to-date averages at the time the respondent was surveyed. The model includes controls for
reported COVID-19 deaths per capita and an index of economic support, as well as individual demographic data with country and month-year fixed effects.
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As the scale of the coronavirus pandemic became clear in March 2020, Gallup paused
global data collection to thoroughly assess risk and prepare contingency plans for data
collection. By May, the continued prevalence of COVID-19 made it clear that there was
too much risk of community transmission to conduct face-to-face data collection in 2020
for the World Poll. Gallup prepared a contingency methodology based entirely on tel-
ephone interviewing. In designing the new approach, Gallup prioritized the safety of
interviewers and respondents, retaining high levels of representativity, and ensuring
high-quality data collection. Countries were selected for inclusion based on client
interest, their population size, phone penetration rates, and Gallup’s local partner’s ability
to execute Computer Assisted Telephone Interviewing (CATI) aligned with Gallup’s
quality assurance standards. With more than 100 countries included, the 2020 World
Poll represents more than 90% of the global adult population. As a standard practice,
Gallup and its partners complied with all government-issued guidance from local
authorities and took this guidance into account throughout the interviewing process,
including following social distancing measures for telephone interviews. Collection began
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in July 2020 with these issues in mind and Gallup’s weighting strategy adjusts for the
mode of data collection. In July and August 2020, collection was exclusively phone-based,
but gradually included face-to-face collection as the year went on.

Informed consent
Formal consent was obtained verbally from all research participants in accordance with
Gallup’s IRB standards. The database used in this analysis has no personally identifying
information. Responses are linked to individuals using a quasi-random number with no
external meaning. Gallup and its research partners obtain consent from every respondent
surveyed. Both consent requests and the survey itself are conducted in the prominent local
languages of each specific region, and the survey is conducted in multiple languages in
many countries. The survey is only given to people who are at least 15 years old. The
English version of the consent language request used in the World Poll data analyzed in
the manuscript, read as follows: “Hello, this is _______ calling on behalf of Gallup. Your
household has been selected as one of only 1,000 in the [country of respondent] to
participate in a special poll about this country… Your participation in this survey is
voluntary. Your information will be kept private and combined with responses of other
people so that individuals cannot be identified. Do you agree to participate in the survey?”
For countries where 15–17-year-olds are not considered adults, the interviewer also col-
lects parental consent. Are you age 18 or older? If not, respondent is asked, “May I speak
to your parent or guardian to obtain permission to interview you? Hello, this is _______
with ________. Your child has been selected as one of only 1,000 people in [country of
respondent] to participate in a special poll about this country. May I have your permission
to interview your child to get their thoughts and opinions about issues in this country?”
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