
Explaining the homogeneous diffusion of COVID-19
nonpharmaceutical interventions across
heterogeneous countries
Abiel Sebhatua,b,1

, Karl Wennberga,b,c
, Stefan Arora-Jonssond,e

, and Staffan I. Lindbergf


aInstitute for Analytical Sociology, Linköping University, SE-601 74 Norrköping, Sweden; bStockholm School of Economics, SE-113 83 Stockholm, Sweden;
cRatio Institute, SE-113 59 Stockholm, Sweden; dDepartment of Business Studies, Uppsala University, SE-751 20 Uppsala, Sweden; eInstitute of Management
and Organization, Università della Svizzera Italiana, 6900 Lugano, Switzerland; and fV-Dem Institute, Department of Political Science, University of
Gothenburg, SE-405 30 Gothenburg, Sweden

Edited by Arild Underdal, University of Oslo, Oslo, Norway, and approved July 16, 2020 (received for review May 27, 2020)

We analyze the adoption of nonpharmaceutical interventions in
the Organisation for Economic Co-operation and Development
(OECD) countries during the early phase of the coronavirus disease
2019 (COVID-19) pandemic. Given the complexity associated with
pandemic decisions, governments are faced with the dilemma of
how to act quickly when their core decision-making processes are
based on deliberations balancing political considerations. Our find-
ings show that, in times of severe crisis, governments follow the
lead of others and base their decisions on what other countries do.
Governments in countries with a stronger democratic structure are
slower to react in the face of the pandemic but are more sensitive
to the influence of other countries. We provide insights for re-
search on international policy diffusion and research on the polit-
ical consequences of the COVID-19 pandemic.
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Following the coronavirus disease 2019 (COVID-19) outbreak,
unprecedented policy measures restricting individual move-

ment and behavior have been adopted across the world—locking
down societies to different degrees. These policies—often known
as “nonpharmaceutical interventions” (NPIs)—include school
closures, travel restrictions, curfews, and quarantines, and are
motivated by the need for “social distancing” in order to slow the
spread of the COVID-19 virus (severe acute respiratory syn-
drome coronavirus 2 [SARS-CoV-2]).*
While timing of NPIs is crucial, it is challenging to determine

an optimal timing. Waiting too long may lead to the spread
spiraling out of control and overwhelm the healthcare system.
Introducing interventions too early or too uniformly across an
entire country may also be perilous since it may increase the risk
of a “second wave” of infections once initial interventions are
halted (1, 2). Every intervention also carries significant and long-
lasting social and economic cost in terms of citizens’ well-being
and lost economic activity (3, 4). Further, interventions are de-
pendent on citizens’ willingness to comply—a willingness that is
likely to wane over the course of the intervention (5). Finally, the
timing of easing interventions is problematic and related to when
in the epidemic phase interventions were initially initiated (4).
Given these complexities and epidemiological recommenda-

tions to carefully evaluate the timing of NPIs and tailor the exact
schedule to country-specific needs (2), it is surprising to see how
homogeneous countries have been in the timing of the adoption
of interventions. Fig. 1 shows that four out of five COVID-19
NPIs spread to about 80% of the Organisation for Economic Co-
operation and Development (OECD) countries within a period
of 2 wk in March.† Given the heterogeneity among these coun-
tries in terms of the preparedness of their healthcare systems,
their population demography, and the degree to which the
pandemic had taken hold in each country at this time, the ho-
mogeneity in timing of adoption is striking.

While researchers across disciplines struggle to gauge the ef-
ficacy of these policies, a key task for social scientists is to explain
why public decision makers responded as they did during the
pandemic outbreak. Distinct from the majority of studies that
seek to gauge the relative efficacy of NPI policies under various
conditions, this paper examines the timing of NPI policies as a
decision that may be influenced by the adoptions of other
countries. We model the decision to adopt as a policy diffusion
process (7, 8) that is defined, in part, by decision makers con-
sidering the country-specific necessity and, in part, by them
mimicking other countries. Mimicry is a common response
among decision makers when the effect of a decision is uncer-
tain; adopting with others may shelter decision makers from
criticism of looking “the laggard”—that is, a country that is slow
to act (9). Countries may also follow the lead of others to show
that they are similar to those that have adopted earlier (10).
Pressures of not being “left behind” and wanting to look like
others can come from within the country as well as from its
neighbors, and decision makers may find adoption difficult to
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resist when these pressures grow strong (11). A central insight
from the decision-making literature, which is often elided in
diffusion models, is that the decision-making context matters (7).
In our case, differences across countries in their democratic
systems may lead to variation in adoption timing as decision
rights vary. Decision-making structures requiring more deliber-
ation are likely to be slower to react, suggesting that more-
democratic systems could be expected to be slower in adopting
radical policies. We study the OECD, a set of similarly advanced
economies with fairly well-developed healthcare systems where
decision makers are exposed to political opposition and (mostly)
democratic institutions.
Our paper provides three research contributions: First, con-

temporary scholarly debate surrounding NPIs has largely focused
on modeling their relative efficacy, separately (12, 13) or when
enacted simultaneously (2, 14). Our analysis shifts attention to
determinants of NPI timing, a crucial factor for the efficiency
and efficacy of NPIs as well their social and economic costs.
Focusing on adoption timing recognizes the issue of the sus-
tainability of NPIs. If countries mimic each other to a large ex-
tent, it follows that many countries may have locked down too
soon or too late (3). Second, we pioneer the modeling of
decision-making under uncertainty common in the political and
behavioral sciences (e.g., refs. 15 and 16) which, to date, have not
been used to explain policy choices during the COVID-19 pan-
demic.‡ By examining the timing of COVID-19 NPIs, our paper
sheds light on the underlying mechanisms surrounding policy
adoption where authorities are forced into snap decisions over
whether to enact or abstain from policies with uncertain trade-
offs. Extending such modeling also to deescalation or reintro-
duction of current NPIs may be used to evaluate countries’
ability to follow the World Health Organization (WHO) rec-
ommendation to “innovate and learn” as they seek to manage
the pandemic (17). To the extent that such “learning” is driven
by mimicry rather than adaptation to necessity, a behavioral
science perspective on policy responses to the pandemic is
needed (4, 9). Third, while our findings show that stronger de-
mocracies are slower to react in the face of the pandemic, we
also unexpectedly found democracies to be more sensitive to the
influence of other countries’ policy choices. Distinguishing the
propensity to adopt from the susceptibility of influence from
others provides important nuancing of the policy diffusion literature

(18). This finding also holds insights for research on the political
consequences of pandemics. As of May 2020, over 100 countries
had enacted emergency legislation further concentrating power
in the executive, and a recent estimate suggests that 82 coun-
tries are at high or medium risk of “pandemic backsliding” on
democracy (19).

International Policy Diffusion under Uncertainty
The question of whether interventions are adopted by need or
mimicry has been well studied in political science and sociology.
It is normally considered in terms of the spread of policies be-
tween states/regions and between countries (20–22). “Diffusion”
is the general term for the process by which something—for in-
stance, a new policy—spreads throughout a set of actors, such as
nation states (23). Here, the diffusion of a policy among sover-
eign countries is seen as a function of its perceived usefulness,
and usefulness is broadly determined by the policy’s “fit” with the
needs of the nation. Because countries are different, they may
learn about a new policy at different times, and, because they
tend to differ in their need for a policy, policies normally do not
spread to all at once, but spread gradually—from “early adopt-
ers” to “laggards.” Often, not all policies are ultimately adopted
by all countries. A key question for diffusion studies concerns
what distinguishes an “early” adopter from a “late” one, and
what the maximum diffusion of the policy might be (24).
When the efficacy of a policy is uncertain, the number of

earlier adopters can serve as a form of “social validation” of its
usefulness that need not be founded in actual usefulness (25, 26).
Furthermore, if the policy becomes imbued with a positive nor-
mative value—that is, adoption is considered virtuous—the act
of adoption signals value beyond the usefulness of the policy
itself and therefore drives further adoption (27). Diffusion pro-
cesses are thus shaped by the fit of a policy with the needs of
potential adopters along with the pressure to adopt that is im-
posed by the cumulative earlier adoptions of other countries.
Policy diffusion models hold that the importance of earlier

adoptions depends critically on the uncertainty of the efficacy of
the policy in question: The greater the uncertainty, the greater
the influence of earlier adoptions (7, 28, 29). However, rather
than mimicking the decisions made in “any other country,” de-
cision makers usually benchmark with countries considered more
relevant or prestigious. Nearby countries or those who share a
border have often been shown to look to each other for adoption
cues (22, 30, 31). Countries may also be more strongly influenced
by countries with whom they share a religion and therefore norm
systems (ref. 10; ref. 32, pp. 93–123; and ref. 33) or with whom
they have intense relations and thereby share an interdepen-
dence (34, 35).
Whether a country adopts COVID-19 policies based primarily

on the fit with country-specific factors or the adoption by other
countries is important, as it guides the adoption timing. Most
COVID-19 NPIs carry heavy social and economic costs, and
every “extra” day that a restriction remains in place imposes an
additional burden on society. Closing schools means that parents
need to stay at home, closing workplaces puts jobs at risk, and
closing borders limits the economic exchange among countries.
Conversely, adopting too late can incur suffering and costs in
terms of excess deaths and a collapsed healthcare system.
One of the most widely shared studies cited by political deci-

sion makers was Imperial College’s simulation study assessing
“the impact of non-pharmaceutical interventions (NPIs) to re-
duce COVID-19 mortality and healthcare demand” (ref. 2, re-
leased March 16). This report explicates “many uncertainties in
policy effectiveness” and “very large uncertainties around the
transmission of this virus, the likely effectiveness of different in-
terventions and the extent to which the population spontaneously
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Fig. 1. Adoption of COVID-19 policies, OECD countries. Modified with
permission from ref. 58.

‡See however, ref. 14, for a decision-making perspective on Chinese health officials’ policy
recommendations.
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adopts risk reducing behaviors.” Based on simulation results for
five COVID-19 NPIs, the report suggests that a minimum policy
for effective suppression is “population-wide social distancing
combined with home isolation of cases and school and university
closure.” The report also suggests that interventions such as a ban
on public events and other mass gatherings have relatively little
impact in reducing COVID-19 mortalities.
As Fig. 1 shows, countrywide school closures and bans on

public events are among the most prevalent COVID-19 NPIs
adopted by OECD countries. A striking feature of this figure is
the homogeneity in the timing of the decision to adopt four out
of five restrictions; within a span of 2 wk, almost 80% of the
OECD countries adopted the same four restrictions. This is
curious, since these countries are widely different and the rela-
tive efficacy of these and other interventions is still clouded by
uncertainty. In a recent overview examining these uncertainties,
Ioannidis (13) advances the explanation that “policymakers feel
pressure from opponents who lambast inaction. Also, adoption
of measures in one institution, jurisdiction or country creates
pressure for taking similar measures elsewhere under fear of
being accused of negligence”—and, as a consequence, that
“priorities can become irrational.”
If countries look beyond their own situation and mimic each

other in the decision to adopt NPIs, we expect that the number
of prior adoptions of a practice would matter to the adoption
decision of a focal country—over and above the influence of
epidemiological variables such as epidemic incidences, capacity
of the healthcare system, and population demography. Yet, even
if we were to find a positive effect of the total number of earlier
adoptions, the interpretation of such a finding is unclear. While
it could be that countries are emulating each other, it could also
just reflect the fact that countries are all facing a similar problem
and take action more or less simultaneously. To strengthen the
inferential power of including earlier adoptions in a diffusion
analysis, we derive from theory a more specific measure than “all
earlier adoptions.” As discussed above, a standard finding in dif-
fusion studies is that proximity—social, cultural, or geographical—
predicts facsimile behavior (26). There is no clear reason why social
or cultural proximity would influence the adoption of COVID-19
NPIs, so we adopt the most generic form of similarity: geographical
proximity. We reason that information about the efficacy, the
likelihood of seeing the adoption experiences of another country
as relevant, and the risk of unfavorable comparisons with respect
to the pace of policy-making, is greater for countries that are
geographically closer than for those farther apart. This does not
mean that the adoption of countries that are farther away does not
matter at all, but that we expect it to matter relatively less. Our key
hypothesis is as follows.

Hypothesis 1. The more neighboring countries adopt a COVID-19
policy, the faster a focal country will adopt the same policy—all
else being equal.

How Variety of Democracy Across Countries Affects Policy
Actions under Uncertainty
Political decision-making theory holds that it is not only what
others have done that may influence the decision to adopt, but
also the context of the decision maker, as this sets expectations
on how decisions should be made (7, 16). In our context, the
relevant decision makers are democratically elected political
leaders. Yet, democracy is not a unitary concept but a spectrum
of different types of decision-making contexts (36). We follow
Dahl (37) in defining democracy as the extent to which rulers
and their interventions are responsive to citizens through the
institutions of power vested in officials elected in clean elections

with extensive suffrage, and an enabling environment of freedom
of expression and association.
It is not clear ex ante whether one should expect highly dem-

ocratic countries to adopt policies more quickly than their less
democratic counterparts (31, 38, 39). When it comes to adopting
radical interventions to contain the spread of COVID-19, de-
mocracies might be expected to be slower than dictatorships, or
the other way around, for different reasons. One might, for ex-
ample, expect democratic countries to act more quickly in
adopting strict interventions to counter an imminent pandemic
since democratically elected leaders depend on public approval
to stay in power (40). Further, free media and freedom of ex-
pression should improve both the quantity and quality of infor-
mation available for rapid disaster responses (41), although this
may also serve as a conduit of fake news and conspiracy theories.
It is also plausible that drastic policy interventions are more

difficult to enact in countries with more developed electoral
democracy. Democracies have wide-ranging rights and freedoms
that autocracies and less developed democracies lack (e.g., ref.
42). Policy makers’ reluctance to encroach on liberties inherent
in democracies may lead them to hesitate when contemplating
interventions that limit these freedoms (43). Leaders in democ-
racies also face a great uncertainty regarding citizens’ reactions
to far-reaching interventions entailing restrictions on their per-
sonal freedom, even if those interventions are motivated by
public health concerns. Negative public perceptions jeopardize
politicians’ hold on power in democracies, but far less so in au-
tocracies (44). A strong civil society and free media put politi-
cians at risk for fierce resistance and mass mobilization against
interventions the public may not approve of. Finally, strong de-
mocracies tend to have relatively robust mechanisms of hori-
zontal accountability, where opposition parties in the legislature,
law courts, and other independent state bodies such as om-
budsmen all have a say in shaping policy (45). As a consequence,
democratic decision-making is much more of a deliberative
process regulated by institutions to prevent governments’ abuse
of power, meaning it also takes more time to turn ideas into
legislation and action (46). During this process, democracies’
transparency typically leads to debates in the media involving
actors in civil society, where alternatives are weighed and con-
sidered (47). This further adds to our expectation that countries
with a high level of democracy would be slower in deciding on
restrictions on civil liberties in response to a pandemic such as
COVID-19.

Hypothesis 2. The more democratically developed a country, the
slower it will adopt COVID-19 policies—all else being equal.

Research Design and Variable Construction
Our data come from the Oxford COVID-19 Government Re-
sponse Tracker (OxCGRT) (6), the Varieties of Democracy
(V-Dem) database (48), the World Bank, and the OECD (open
access at ref. 49). Variables measuring countries’ COVID-19
NPIs are drawn from OxCGRT, which also includes daily counts
of the number of people infected and number of deaths related
to COVID-19 for each country between January 15 and March
30, 2020. We focus on the OECD, since it represents a group of
countries that are relatively homogeneous from an economic and
democratic perspective, which means that the alternative cost of
policy adoption will be similar across these countries and they
have similarly developed democratic systems and healthcare
systems. If nonepidemiological factors explain the spread of
COVID-19 NPIs across countries, it should be relatively harder
to detect such patterns in a group of well-developed economies
like the OECD countries.
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Table 1 summarizes the policy variables modeled. Interven-
tion/policy adoption is coded on an ordinal scale ranging from
0 to 3, and there is also an indicator of whether the policy is
“targeted”—that is, that it only applies within a specific geo-
graphical area—or “general”—that is, that it applies nationwide.
The ordinal coding allows for the construction of a “stringency
index,” which scores the stringency of policy adoption as an index
of the number of policy measures adopted, whether it is rec-
ommended or required, and whether it is targeted or general.

Dependent Variable
We focus on the speed of adoption of the different COVID-19
policies of Fig. 1 and Table 1 (for a similar model, see ref. 50
analysis of US states). We construct a 0/1 adoption variable for each
policy by coding the variable “1” the day a general policy is adopted
(i.e., becomes applicable to the whole country) and “0” otherwise.§

Predictor Variables
Our Hypotheses Are Tested Using Two Main Predictor Variables.
Adoption density (OECD region) is a cumulative measure of
prior adoptions of a particular policy among spatially proximate
countries (22, 30, 31, 51). It is measured as the cumulative number
of policy adoptions within United Nations’ classification and
definition of regions: Western Europe, Eastern Europe, Southern
Europe, Northern Europe, Asia & Pacific, and Americas. To
avoid small cell sizes, we grouped “Asia” to include both western
and southern Asia, and “Americas” to include North and South
America as well as Latin America. This variable thus probes
whether policy adoption is relatively more strongly driven by the
cumulative number of policy adoptions in nearby countries (50).
Electoral democracy. We use the 2019 Electoral Democracy Index
(EDI, v2x_polyarchy) from the Varieties of Democracy (V-Dem)
database (48). EDI is derived from expert surveys of 3,000+
country experts from around the world, with a minimum of five
experts rating each of the 43 indicators measuring institutions of
democracy: 1) Elected Officials, 2) Clean Elections, 3) Associ-
ational Autonomy, 4) Inclusive Citizenship, and 5) Freedom of
Expression and Alternative Sources of Information (37). The
EDI ranges from 0 to 100, where 0 indicates pure dictatorship

and 100 indicates that electoral democracy is achieved in its
fullest sense.
Fig. 2 shows the correlation between electoral democracy and

the time that elapsed before OECD countries adopted various
COVID-19 NPIs. It indicates that countries with a low democ-
racy score were relatively quicker to adopt COVID-19 NPIs, but
also that there is a sizeable variation among countries with high
levels of democracy. The EDI has a high mean (83) and low SD
(9), which is expected given that we study OECD countries that all
score quite high on the democracy index (SI Appendix, Table S1).

Control Variables
Since the main objective of countries’ COVID-19 interventions is
to counteract the spread of the coronavirus, it is essential to
control for 1) the number of confirmed cases of people infected
by COVID-19 in the focal country, and 2) the number of deaths
due to the virus, relative to population size (per 100,000). Both
measures account for what is publicly reported by each country
and likely to underpin the process of policy adoption if decision
makers are sensitive to official figures (50). While confirmed
cases of COVID-19 are undercounts of actual cases, confirmed
cases are the only data available to officials making decisions in
real time. Confirmed cases and number of deaths were highly
collinear, and we therefore report only death rate (the variable
having maximum influence in our model) in the main results.
Replacing death rate with confirmed cases (SI Appendix, Tables
S5 and S6) did not change any of the main results. The number
of confirmed cases has similar but arguably even larger measure-
ment errors than death rate, since it depends on testing carried
out. We explored alternative measures, including whether the
state had 10 or more confirmed cases, but found substantively
similar results. All results were also robust to the inclusion of
standard controls for systematic variation in public statistics
provided across countries (52, 53), indicating that such varia-
tion is low across the OECD countries.
We also include a range of time-invariant variables in order to

control for a country’s economic, demographic, and public health-
related characteristics. These variables are obtained from the World
Bank.{ The economic variables include the natural logarithm of

Table 1. COVID-19 policy variables (OxCGRT)

ID Name Description Description Coding instructions

S1 School closure Record closures of schools and
universities

Ordinal scale + binary for
geographic scope

0: No measures

S2 Workplace closure Record closures of workplaces
1: Recommend closure

S3 Cancellation of public
events

Record canceling public events
2: Require closure

S4 Closure of public
transportation

Record closure of public transport

0: Targeted
1: General

S5 Public information
campaigns

Record presence of public
information campaigns

Binary + binary on geographic
scope

0: No COVID-19 public information
campaign

1: COVID-19 public information
campaign

0: Targeted
1: General

S6 Restrictions on internal
mobility

Record restrictions on internal
movement

Ordinal scale + binary for
geographic scope

0: No measures
1: Recommend movement restriction
2: Restrict movement
0: Targeted
1: General

§We do not include the policy “closure of public transportation” in our main analysis,
since only nine OECD countries adopted this policy throughout the country. Including it
does not alter any of the main results.

{GDP and population variables are from 2018; GINI is from 2017, except for South Korea
(2012), New Zealand (2014), Australia (2014), and Turkey (2018). Hospital beds are from
2013, 2014, or 2015.
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gross domestic product (GDP) per capita, tax revenues (% of GDP),
and GINI index. The GINI index is a measure of income inequality
that ranges between 0 and 100 with higher values indicating greater
inequality between individuals and households. We control for dif-
ferences in demography and care capability with the variables
number of hospital beds (per 1,000 people), the percentage of
population aged 65 or older, and the percentage of the population
living in urban areas.# Older people are of importance since they are
regarded as being more vulnerable to COVID-19. We also include
population density (per square kilometer), since the virus may be
less likely to spread in sparsely populated countries (54).

Event History Models of Timing of COVID-19 Policies
We use event history models to test our hypotheses related to the
timing of implementing COVID-19 NPIs in the OECD countries
between January 15 and March 30, 2020. Our model examines
what factors predict the adoption of any, some, or all of the
general policy interventions described in Table 1, excluding
“Closure of public transportation.”§ Since these interventions
can be enacted at any time or in any order (or not at all), the data
are organized as a multiple failure-time dataset and estimated as
a semiparametric Cox proportional event history model, also
called the marginal risk set model (55) with the functional form

hij(t) = h0(t) p exp(βiXi). [1]

We model time (t—in this case, days since first confirmed infec-
tion case) as a function of an underlying hazard h and a set of
exponentiated beta coefficients (β) and covariates (X) for each
country i’s adoption of policy j. The baseline hazard h corre-
sponds to the case where all covariates equal 0, and is shifted
up or down proportionally with changes in the covariates. The
“time at risk” for each country begins when it reports its first case
of COVID-19. Our analysis focuses on policy adoptions appli-
cable for the entire country (Table 1)—that is, the more

“restrictive” versions of each policy. This allows us to model
multiple-events data to examine the effects of countries’ under-
lying level of electoral democracy and other background vari-
ables together with the time-variant variables influencing policy
adoption. The event history model treats countries that never
adopt any of the interventions as right-censored, and countries
adopting polices before entering the risk set as left-censored. SI
Appendix, Table S1 presents descriptive statistics and variable
correlations.

Results
Table 2 shows hazard ratios (HRs) obtained by the event his-
tory model predicting time to adoption of any COVID-19 pol-
icy among the OECD countries.|| As might be expected, countries
with more healthcare capacity (hospital beds) are slower to adopt
restrictions, as are countries with more unequal income distribu-
tion (i.e., higher GINI index). The more densely populated a
country is, the faster it is to adopt restrictions.
Fig. 3 shows plots of the key estimated HRs with 95% CIs with

all covariates standardized at their mean values. Consistent with
both hypotheses, the cumulative adoption within the same
OECD region predicts a more rapid rate of policy adoption,
while a higher level of electoral democracy predicts a slower rate
of policy adoption. Our null hypotheses of adoption density
(OECD region) and electoral democracy not predicting adop-
tion of COVID-19 policies are examined in column 4 of Table 2,
which rejects the null for both adoption density [z = 3.57, CI =
1.133 to 1.538, HR = 1.320, df (10), P = 0.000] and electoral
democracy [z = −1.98, CI = 0.881 to 0.999, HR = 0.939, df (10),
P = 0.048]. We also see that the daily count of deaths in a
country is a rather poor predictor of adopting COVID-19 NPIs,
with a large CI. One potential explanation for this effect is that
the interventions adopted may take the form of preventive mea-
sures rather than reactions to the emergence of a national pan-
demic. The other two control variables for countries’ healthcare
capacity and demography (number of hospital beds and population
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Fig. 2. Speed of COVID-19 policy adoption (A–D, respectively) and level of electoral democracy.

#
“Urban population” refers to people living in urban areas as defined by national statis-
tical offices. The data are collected by United Nations Population Division of the World
Bank (2019).

jjEfron methods were used for tied events. Proportional hazard assumptions were met in
all models.
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density) predict a lower and a more rapid policy adoption, respec-
tively. Population density is by far the strongest predictor in the
model, albeit with high SEs due to the large between-country var-
iation.
The main conclusions from our event history model are that

both hypotheses are supported: Adoption density in the same
OECD region predicts a much more rapid rate of policy adoption,
while a higher level of electoral democracy predicts a slightly
slower rate of adoption.

Robustness Tests

Policy strictness. The results presented are based on the modeling
of nationwide required policies (Table 1). In unreported models,
we include both “recommend” and “required” policies with close
to identical results. Modeling only “recommended” policies re-
duces explained variance by 8 to 10%, and effect sizes decrease
but remain statistically significant and meaningfully large for our
two hypothesized effects.
Regional vs. global adoption pressure. In unreported models, we also
examined adoption density (OECD), which measures accumu-
lated prior adoptions of a policy among all of the OECD
countries. Results were similar but of weaker magnitude. Since
the two variables are collinear, we only report results for adop-
tion density (OECD region).
Alternative explanations. SI Appendix, Supplementary Information C
and Supplementary Information E considers a range of alternative
explanations and controls variables. In addition to these, we also
conducted analyses including a period effect corresponding to
the WHO’s global pandemic announcement on March 11. In-
clusion of the period effect did not change any of the main re-
sults, but, as the variable was collinear to several of our adoption
measures and control variables, we omit it from the main

analysis. Since the crucial control variables “confirmed cases”
and “number of deaths” from COVID-19 come with known
measurement errors across countries, we explored alternative
measures, including whether a country had 10 or more confirmed
cases, but found substantively similar results. All results were
also robust to the inclusion of standard controls for systematic
variation in public statistics provided across countries (49, 56),
indicating that such variation is low across the OECD countries.
We also followed ref. 54 by using a dummy for countries having
experienced 100+ confirmed cases of SARS in 2003. Among
the OECD countries, only Canada had over 100 SARS cases.

Table 2. Marginal risk set model predicting adoption of COVID-19 policies

Model 1 Model 2 Model 3 Model 4 Model 5

GDP per capita (log) 0.274 0.247* 0.720 0.583 0.522
(0.230) (0.136) (0.743) (0.526) (0.412)

Tax revenue (% of GDP) 1.004 0.965 0.995 0.983 0.975
(0.054) (0.052) (0.051) (0.061) (0.061)

GINI index (income) 0.844** 0.830** 0.816** 0.807** 0.802**
(0.052) (0.055) (0.056) (0.056) (0.060)

Hospital beds (per 1,000 people) 0.743* 0.730* 0.753* 0.701* 0.680*
(0.100) (0.100) (0.096) (0.104) (0.104)

Population age ≥65 (%) 0.877 0.875 0.944 0.940 0.938
(0.089) (0.074) (0.087) (0.095) (0.084)

Urban population (%) 0.978 0.994 0.976 0.982 0.988
(0.029) (0.028) (0.028) (0.029) (0.031)

Population density (log) 1.923*** 1.938*** 1.940*** 2.006*** 2.007***
(0.362) (0.329) (0.351) (0.312) (0.302)

Death rate (per 100,000) 0.331 0.097+ 0.087+
(0.319) (0.132) (0.114)

Adoption density (OECD region) 1.302*** 1.320*** 0.471*
(0.087) (0.103) (0.162)

Electoral democracy 0.921** 0.939* 0.882***
(0.029) (0.030) (0.016)

Adoption density × electoral democracy 1.013**
(0.004)

Observations 5,278 5,278 5,278 5,278 5,278
Number of countries 36 36 36 36 36
Number of failures 138 138 138 138 138
Pseudo-R-squared 0.103 0.126 0.129 0.158 0.166
Log likelihood −706.5 −689.0 −686.6 −663.5 −657.0

SEs in parentheses are clustered at the country level. ***P < 0.001, **P < 0.01, *P < 0.05, + P < 0.10.

GINI index (income)

Hospital beds (/1,000 people)

Population density

Death rate (/100´)

Adoption density (OECD region)

Electoral democracy

0 1 2 3 4
Hazard ratio

Fig. 3. HRs and CIs of adopting COVID-19 policies. Modified with permission
from ref. 58.
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Remaining countries had six cases on average, rendering this
measure nonapplicable.
Outliers. To account for potential outliers of electoral democracy,
for example, Turkey and Hungary, we winsorized the variable for
both 5% and 10% of cases in each tail of the distribution. All
results remained robust and were actually more pronounced
when accounting for these outliers.

Post Hoc Test: Analyzing the Adoption of Specific
Interventions
Since Fig. 1 showed different speeds of adoption for the various
COVID-19 NPIs, as well as the more generic policy of “public
information campaigns” included in our analysis, it is also in-
teresting to examine these separately. SI Appendix, Table S2
shows event history results for five individual NPI adoptions.
Estimated HRs from these separate event history models for
each NPI are shown in Fig. 4 with 95% CIs.**
Fig. 4 shows that adoption density consistently predicts quicker

adoption of each NPI, while electoral democracy predicts a slower
time to adopt school and workplace closures. This provides further
evidence of the general pattern revealed in the main analysis, and
also indicates that the overall effect of electoral democracy on the
speed by which OECD countries adopt COVID-19 policies is
primarily driven by more-democratic countries being slower to
adopt interventions related to school and workplace closures.

Discussion
Almost 80% of the OECD countries adopted the same COVID-
19 NPIs within a span of 2 wk. If adoption was the result of a
decision process that took the specific situation of heteroge-
neous countries into account, why do we see such homogeneity?
One answer would be that the countries were uniformly exposed
to the same universal threat. Yet, our findings suggest this to be,
at best, a partial answer. With the exception of population density,
it is not primarily the needs of the country in terms of exposure to
COVID-19, demographic structure, or healthcare capacity that
predict the speed of NPIs adoptions, but the number of earlier
adopters in the same region. Countries with stronger democracies
are slower to react in the face of the pandemic and, as we see in SI
Appendix, Table S3 and Fig. S1, also less stringent in the number
and type of NPIs adopted (SI Appendix, Table S3). However,
strong democracies are more sensitive to the influence of other
countries’ adoptions (SI Appendix, Fig. S1).
Our findings inform current discussions in public health re-

search, political science, and international relations regarding
reactions to and consequences of the COVID-19 pandemic, and
also hold implications for social science research on how societies
change across the world as a result of imitation. Much of the
debate around the various types of NPIs in public health and re-
lated research has focused on whether or not a country needs a
particular policy to protect its citizens’ public health; little atten-
tion has been paid to the timing of policy interventions. While our
paper cannot judge what an “optimal” adoption timing would be
for any country, it follows, from our findings of what appears to be
international mimicry of intervention adoptions, that some coun-
tries may have adopted restrictive measures rather sooner than
necessary. If that is the case, such countries may have incurred
excessively high social and economic costs, and may experience
problems sustaining restrictions for as long as is necessary due to
lockdown fatigue. Political scientists, international relations scholars,
and public health scholars may also benefit from building on our
model suggesting the adoption of COVID-19 policies across the

OECD countries to be driven by consideration of what others have
done. For example, it is likely that rescinding such interventions
would also follow that kind of pattern (28). Abandoning con-
tainment measures too early or too late are also uncertain deci-
sions that risk undermining the efficiency and efficacy of
interventions taken (1, 2). As much of Europe and North America
has “deescalated” interventions during the summer of 2020 and,
on occasion, reinitiated restrictive policies, future research may
extend our data (open to the public) to examine adoption,
“deescalation,” and potential “readoption” of COVID-19 policies.
Such research may also seek to collect, for example, social network
data or other data to gauge the underlying causal mechanisms of
COVID-19 policy diffusion in terms of “learning,” “emulation,”
or “coercion” across nation-states (9, 35).
Our findings also inform the social science view of the world as

an interconnected “world society” where countries influence each
other to become more like liberal democracies (10). The fact that
more-democratic countries were slower in adopting NPIs but more
sensitive to the adoption by other countries suggests that the dom-
inance of liberal democracy as a worldwide ideal may be waning and
that adoption of uncertain policies or practices may rather stem from
conflicting “institutional logics” coexisting in any country (57). Fu-
ture research may examine logics underlying NPI adoption by, for
example, studying discourses surrounding timing of adoption in
countries at any given point in time, as, for example, a “market logic”
of protecting the economy, a “public health logic” of protecting lives,
and other salient discourses in political and public discourse.
Finally, our analysis of the timing of COVID-19 policies can

inform contemporary political science research on the conse-
quences of exogenous events such as pandemics. Our findings
reveal that countries with strong electoral democracy are slower
in adopting COVID-19 policies to slow the spread of the virus,
but also that these countries are more susceptible to the diffusion
pressure of many proximate countries adopting such policies. If
restrictions in civil liberties due to the ongoing COVID-19 pan-
demic are more rapidly adopted by countries already experiencing
a decline in democracy, such countries may be susceptible to
further autocratization in face of exogenous chocks such as pan-
demics. Recent evidence from Spain suggests that the pandemic
may have caused the population to look more favorably on tech-
nocratic and authoritarian government (56). Our study provides
fertile ground for research on the impact of the COVID-19 pan-
demic, which, to date, has merely begun to grapple with the
pandemic’s short-term effects. In particular, issues such as the
timing and effect of specific NPIs, their duration, and whether
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Fig. 4. HRs and CIs of specific COVID-19 policies.

**Since the death rate and population density variables exhibited even larger standard
errors in the separate event history models, we exclude them from Fig. 4 so as not to
distort the visualization of results.
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they are repeated over longer periods are all relevant for political
science topics such as civil engagement, interpersonal trust, belief
in authorities, and democratic practices. Economic research ex-
ploring the potential effects of NPIs as well as interventions aimed
at mitigating the recession in the wake of the pandemic may also
utilize these findings by incorporating potential setbacks in dem-
ocratic development as externalities related to unconventional
interventions (4).

Data Availability. Dataset and code (for statistical software Stata)
have been deposited and are publicly available in Zenodo at
https://doi.org/10.5281/zenodo.3932347 (49).
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