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G
overnments around the world have implemented a sub-
stantial number and variety of policies in reaction to the 
COVID-19 pandemic over a period of a few months. 

However, policymakers and researchers have, to date, lacked 
access to quality, up-to-date data they need for conducting rigor-
ous analyses of whether, how and to what degree these fast chang-
ing policies have worked in mitigating the health, political and 
economic effects of the pandemic. To address this concern, we 
present the CoronaNet COVID-19 Government Response Event 
Dataset, which provides fine-grained, monadic and dyadic data on 
policy actions taken by governments across the world since the 
Chinese government first reported the COVID-19 outbreak on 
31 December 2019. At the time of writing, the dataset covers the 
policy actions of 198 countries up until 24 May 2020 for a total  
of 13,398 events.

With the help of a team of over 260 research assistants (RAs) 
in 18 time zones, we are releasing the data on a daily basis. We are 
implementing a 5-day lag between data collection and release to 
evaluate and validate ongoing coding efforts for random samples 
of the data to ensure the best possible quality given the consider-
able time constraints. More specifically, the CoronaNet dataset col-
lects daily data on government policy actions taken in response to 
COVID-19 across the following dimensions:

•	 �e type of government policy implemented (for example, quar-
antine or closure of schools (16 total)).

•	 �e level of government initiating the action (for example, 
national or provincial).

•	 �e geographical target of the policy action, if applicable (for 
example, national, provincial or municipal).

•	 �e human or material target of the policy action, if applicable 
(for example, travellers or masks).

•	 �e directionality of the policy action, if applicable (for exam-
ple, inbound, outbound or both).

•	 �e mechanism of travel that the policy action targets, if appli-
cable (for example, �ights or trains).

•	 �e enforcement of the policy action (for example, mandatory 
or voluntary).

•	 �e enforcer of the policy action (for example, national govern-
ment or military).

•	 �e timing of the policy action (for example, date announced 
and date implemented).

Although government responses to the COVID-19 pandemic 
have inaugurated considerable changes in how billions of people live 
their lives, they draw on the lessons learned from the long history 
of pandemics and epidemics that came before. Indeed, the earliest 
written sources document how ancient Mesopotamians responded 
to the constant threat of epidemic by, on the one hand, drawing on 
spiritual practices and, on the other hand, isolating people showing 
the first symptoms of a disease from others1,2. As time has marched 
forwards, pandemics and epidemics have consistently and signifi-
cantly affected the course of human history3–7, and governments 
have continued to implement a variety of policies in response1,8,9. 
Throughout it all, the collection of reliable data has helped advance 
a collective understanding of which policies are effective in curb-
ing the effects of a given disease outbreak10,11. This is no trivial task. 
Indeed, previous research on pandemics and epidemics suggests 
that a policy that is effective in one context may be ineffective in 
another due to a whole host of potentially conditioning factors, 
including the pathogenesis of the particular disease12,13, the char-
acteristics of the underlying population14–17 and the available medi-
cal18,19 and communication20–23 technology at the time.

We believe that the data presented in this paper can similarly help 
policymakers and researchers assess how effective different policies 
are in addressing the spread and health outcomes of COVID-19 
(ref. 24). While available research is necessarily preliminary, it sug-
gests that the type of policies that governments have implemented 
in response to COVID-19 (refs. 25–28), when they decided to imple-
ment them29,30, who they were targeted towards31,32 and what state 
capacity they possessed to do so33,34 have all significantly influenced 
how the virus has affected health outcomes both within and across 
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different country contexts35–37, all of which are readily captured by 
this dataset38,39. Equally important is understanding why countries 
adopt different policies, with early analyses suggesting that institu-
tional and political factors, for example, the authoritarian or demo-
cratic nature of the institutions of a country40 or its level of political 
partisanship41, play an important role. These findings will not only 
help improve the global response to the current crisis but can also 
build an influential foundation of knowledge for responding to 
future outbreaks42,43.

Meanwhile, given the unexpected nature of the initial outbreak 
in Wuhan, China, the government policies that were made in reac-
tion to the COVID-19 pandemic constitute the single largest natu-
ral experiment in recent memory, allowing researchers to improve 
causal inference in any number of fields. Indeed, government reac-
tions to the COVID-19 pandemic may advance our understanding 
of a wide range of social phenomena, from the evolution of politi-
cal institutions44–48 to the progression of economic development49–53 
and the stability of financial markets54,55, to say nothing of what we 
might learn about environmental economics56,57, mental health58,59, 
disaster response60,61 and disaster preparedness62–64. One early analy-
sis has already made use of our data to explore how lockdown poli-
cies affect political attitudes65. Other initial analyses suggest that the 
COVID-19 pandemic has already led to authoritarian backsliding 
in some countries66, unprecedented shocks to economies around the 
world67–70 and serious negative mental health effects for millions of 
people71,72. While scholars have always sought to understand how 
large-scale historical events have shaped contemporary phenom-
ena, modern technological tools allow us to document such events 
more quickly and precisely than ever before.

Detailed documentation of such policies is all the more impor-
tant given that policy choices made by one government often depend 
on the policy choices of other governments. The structure of the 
data we present in this paper allows researchers and policymakers 
not only to examine monadic policy information—that is, policies 
targeted to the same political unit that enacted it—but also directed, 
dyadic policy information—that is, policies targeted to a political 
unit that is different from the unit that enacted it. The dyadic data 
are not limited to only capturing foreign policy dynamics, such as 
when country A implements a policy that affects citizens of country 
B, but can also document dynamics within countries, such as when 

central governments enact policies targeted to subnational political 
entities. Given its dyadic structure, the dataset further enables criti-
cal analyses of the links and interdependencies between and within 
countries, including patterns of policy learning and diffusion across 
governments, as well as of cooperative and antagonistic relation-
ships in global crisis governance.

In the following sections, we provide a description of the data 
and then an application of the data, in which we model policy activ-
ity of countries over time. Using a Bayesian dynamic item–response 
theory model, we produce a statistically valid index that categorizes 
countries in terms of their responses to the pandemic and show 
how quickly policy responses have changed over time. We docu-
ment clear evidence of rapid policy diffusion of harsh measures in 
response to the virus. In the Methods section, we provide a thor-
ough discussion of the methodology used to collate the dataset and 
to manage more than 260 RAs coding this data around the world in 
real time and to create this index.

Results
In this section, we first present some descriptive statistics that illus-
trate how government policy towards COVID-19 has varied across 
key variables. We then present our index for tracking how active 
governments have been with regard to announcing policies target-
ing COVID-19 across countries and over time.

Descriptive statistics. Here, descriptive statistics for key variables 
available in the dataset are discussed. In Table 1, for each policy 
type we present cumulative totals for the number of policies and the 
number of countries that have implemented that policy, an average 
value for the number of countries a policy targets and percentages in 
terms of how stringently a policy is enforced. While we highlight the 
number of targeted countries in this table, we note that our data also 
captures other potential geographical targets not shown in the table. 
For instance, it is possible for a national policy to be targeted towards 
one or more subnational provinces or for a provincial policy to be 
targeted towards one or more subprovincial regions. Table 1 shows 
that the policy most governments have implemented in reaction to 
COVID-19 is external border restrictions; that is, policies that seek 
to limit entry or exit across different sovereign jurisdictions. We 
found that 188 countries made 1,122 policy announcements about 

Table 1 | Descriptive information about the CoronaNet Government Response Dataset

type total number  
of policies

Number of  
countries

Average number of  
targeted countries

 With mandatory  
enforcement (%)

Health resources 2,638 160 64 55

Restriction of non-essential businesses 1,833 143 1 92

Closure of schools 1,441 171 1 91

Quarantine or lockdown 1,168 165 101 88

External border restrictions 1,122 188 166 85

Other 926 137 25 58

Public awareness measures 661 140 1 24

Restrictions of mass gatherings 639 165 1 88

Social distancing 576 139 1 74

Restriction of non-essential government services 432 107 1 83

New task force, bureau or administrative configuration 390 110 1 100

Internal border restrictions 370 119 1 90

Declaration of emergency 347 115 1 100

Health monitoring 343 114 78 69

Health testing 327 101 54 67

Curfew 185 96 1 96

NAtuRE HuMAN BEHAVIOuR | VOL 4 | JULY 2020 | 756–768 | www.nature.com/nathumbehav 757

http://www.nature.com/nathumbehav


RESOURCE NATURE HUMAN BEHAVIOUR

such restrictions since 31 December 2019. The second policy that 
most countries, by our count 171, have implemented is closure of 
schools, of which we document 1,441 such policies.

Meanwhile, the policy that has been implemented the most 
number of times, at 2,638, is health resources; that is, policies that 
seek to secure the availability of health-related materials (for exam-
ple, masks), infrastructure (for example, hospitals) or personnel (for 
example, doctors) to address the pandemic. The next most common 
policy in terms of the number of times it has been implemented, 
at 1,833, includes those that impose restrictions on non-essential 
businesses.

However, we note that a strict comparison of policy types by this 
metric is not perfect given that, for example, there may be a need 
for more individualized policies regarding external border restric-
tions (given the number of countries that a government can restrict 
travel access to) as opposed to closing schools. We also note that 
we have more possible subtypes for documenting health resources 
in the survey (21 subtypes) than restrictions of non-essential  
businesses (7 subtypes). In the next subsection, we provide a more 
rigorous method of comparing policies while taking into account 
their depth.

Our dataset also shows that the majority of countries in the world 
are a target of an external border restriction, quarantine measure or 
health-monitoring measure from another country. Moreover, a high 
percentage of policies documented in our dataset have mandatory 
enforcement.

In Fig. 1, we present the cumulative incidence of different types 
of policies in our data over time. The figure shows that arguably 
relatively easy-to-implement policies, such as external border 
restrictions, the forming of task forces, public awareness campaigns  

and efforts to increase health resources, came relatively early in 
the course of the pandemic. Relatively more difficult policies 
to implement, such as curfews, closures of schools, restrictions 
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Fig. 1 | Cumulative incidence of policy event types over time. This figure shows the cumulative incidence of the 16 broad policy types operationalized in 

the CoronaNet dataset over time.
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of non-essential businesses and restrictions of mass gatherings, 
arrived later.

We also explored the extent to which other countries are affected 
by policies that can have a geographical target outside the policy 
initiator (for example, external border restrictions, quarantine) 
across time. For example, in Fig. 2, we map a network of bans on 
inbound flights initiated by four European countries as of 15 March 
2020: Italy, Greece, Albania and Romania. In the plot, each horizon-
tal line represents a particular country (called a ‘node’ in network 
terminology). The vertical lines denote whether there was such a 
flight ban between two countries (an ‘edge’ or ‘link’ in network ter-
minology) and the arrow of the vertical line indicates the direction 
in which the ban is applied (in network terminology, this allows us 
to capture directed dyads). For instance, the purple horizontal line 
represents Greece, and the vertical line connecting Greece to Italy 
shows that there was a flight ban between these two countries. The 
arrow pointing upwards towards Italy shows that it was Greece that 
directed the flight ban against Italy. See ref. 73 for more information 
on how to interpret this plot.

Extended Data Fig. 1 depicts travel bans initiated by all 
European countries as of 15 March 2020. It shows that the gov-
ernments of Poland and San Marino had banned all flights into 
Poland and San Marino, respectively, while the government of 
Italy banned incoming flights from China, Hong Kong, Macau and 

Taiwan. Additionally, the governments of Greece and Romania 
both banned flights from Italy, while the government of Albania 
banned incoming flights from Greece. According to our data, up 
until this point in time, no other European government at the 
national level had banned inbound flights from other countries. 
The availability of such dyadic data in this dataset may improve 
inference for any number of analyses that seek to investigate how 
actions undertaken by different governmental units are linked, 
including, for example, on how policies in one country affect 
health outcomes in another country.

Government policy activity index. In this section, we briefly pres-
ent our index for tracking the relative government activity with 
regard to policies targeting COVID-19 across countries and over 
time. The model is a version of item–response theory known as 
ideal point modelling, which incorporates over-time trends74–79 and 
permits inference on how a latent construct, in this case total policy 
activity, responds to changes in the pandemic. To fit the model, the 
different policy types shown in Table 1, and subpolicies within them, 
were coded in terms of ordinal values, with lower values for subna-
tional targets of policies and higher values for policies applying to 
the entire country or, in the case of external border restrictions, to 
one or more external countries. For instance, internal country poli-
cies can take on three possible values: no policy, subnational policy 
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or policy covering the whole country. Meanwhile external border 
restrictions can take on four possible values: no policy, policy tar-
geting one other country, policy targeting multiple countries or 
policy targeting all countries in the world (that is, border closure).

We employed ideal point modelling because it can be given a 
latent utility interpretation75. We assumed that each country has an 
unobserved ‘ideal point’ on a unidimensional space representing its 
willingness to impose policies, while each policy likewise has a posi-
tion on the same space. The relative cost of different policies can 
be thought of as the distance between the ideal point of a country 
and the ideal point of the policy relative to other policies. While the 
meaning of this implied cost will vary from country to country, it is 
probably a combination of the social, political and economic costs 
of implementing the policy at a given time point.

As countries become more willing to pay the implied cost (that 
is, the latent distance between country and policy decreases), the 
ideal points/policy activity score of that country will rise and they 
will implement more policies. This interpretation is similar to the 
traditional item–response theory approach for analysing test ques-
tions in which students who correctly answer more questions on a 
test are considered to have higher ‘ability’80,81. Following this logic, 
we are able to estimate latent country scores that represent the read-
iness of a country to impose a set number of policies. The implied 
cost of policies is estimated via discrimination parameters, which 
indicate how strongly policies discriminate between countries.

The country-level policy activity score is further allowed to vary 
over time in a random-walk process with a country-specific vari-
ance parameter to incorporate heteroskedasticity77. Incorporating 
over-time trends explicitly is important for capturing the nuances 
of policy implementation over time. For example, countries that 
impose more restrictive policies at an earlier date will be rewarded 
with higher policy activity scores compared with those who impose 
such policies at a later date. Imposing a given policy when most 
countries have already imposed them will result in little, if any, 
change in the policy activity score.

The advantage of employing a statistical model rather than sim-
ply summing across policies is that the index ends up as a weighted 
average, whereby the weights are derived from the probability that 
a certain policy is implemented. In other words, while many coun-
tries set up task forces, relatively few imposed curfews at an early 
stage. As a result, the model adjusts for these distinctions, produc-
ing a score that aggregates across the patterns in the data.

Furthermore, because the model is stochastic, it is robust against 
some of the coding errors that often occur in these types of datas-
ets. As we discuss in the validation section, while we are continuing 
to validate the data on a daily basis, the massive speed and scope 
of data collection means that we cannot identify all issues with the 
data in real time. However, the measurement model employed only 
requires us to assume that on average the policy codings are cor-
rect, not that they are correct for each instance. Coding error, such 
as incorrectly selecting a policy type, will propagate through the 
model as higher uncertainty intervals, but will not affect average 
posterior estimates. As our data quality improves and we are able 
to collect more data over time, the model will produce more varie-
gated estimates with smaller uncertainty intervals. Figure 3 shows 
the estimated index scores for the 198 countries in our dataset up 
until 24 May 2020, and suggests strong evidence of policy diffu-
sion effects. While information about COVID-19 existed at least 
as early as January 2020, we do not see large-scale changes occur-
ring in activity scores until March 2020. Furthermore, the trajecto-
ries are highly nonlinear, with a large number of countries quickly 
transitioning from relatively low to relatively high scores. This 
nonlinear movement could be due to a variety of factors, including 
the rapid spread of the virus and policy learning as states observe 
policy actions from other states. For an interactive version of this 
figure, please see our website (https://coronanet-project.org).  

We note that the country that appeared to take the quickest action 
in the shortest amount of time is New Zealand, as can be seen in 
Fig. 4, where we show over-time variance parameters for each coun-
try. We further validate the model’s over-time process by estimating  
a static item–response theory model for each day in the sample.  
In Fig. 5, we plot the results for six countries separately; a fuller 
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Table 2 | Discrimination of item parameters (policies) in the policy activity index

Policy 5% Low estimate Median estimate 95% High estimate

Closure of shopping malls 1.5 1.7 2.0

Restriction commercial business 1.5 1.7 1.9

Closure of retail stores 1.3 1.5 1.8

Closure of personal grooming 1.2 1.4 1.6

Primary school closure 1.1 1.3 1.4

High school closure 1.1 1.2 1.4

Higher education closure 1.0 1.1 1.2

Restriction of other business 0.9 1.1 1.2

Sanitizer policies 0.9 1.0 1.2

Closure of restaurants 1.0 1.0 1.0

Quarantine at home 1.0 1.0 1.0

Pre-school closure 0.9 1.0 1.1

Mobilization of volunteers 0.8 0.9 1.1

Other health staff 0.8 0.9 1.0

Restriction of mass gatherings 0.8 0.9 1.0

Test production 0.7 0.8 1.0

Mobilization of doctors 0.7 0.8 1.0

Mobilization of nurses 0.7 0.8 1.0

Internal border restrictions 0.7 0.8 0.9

Limited quarantine 0.6 0.8 1.0

Other health resources 0.7 0.8 0.9

Social distancing 0.7 0.8 0.9

Other health facilities 0.6 0.8 0.9

Other health resources 0.6 0.8 0.9

Mobilization of ventilators 0.6 0.8 0.9

Masks policies 0.6 0.7 0.9

Restriction government services 0.6 0.7 0.8

Other health facilities 0.5 0.7 0.8

PPE mobilization 0.5 0.6 0.8

External border closure 0.6 0.6 0.7

Supporting hospitals 0.5 0.6 0.7

Other quarantine 0.5 0.6 0.7

Quarantine in hotel 0.5 0.6 0.7

Curfew 0.5 0.5 0.6

Biomedical research 0.4 0.5 0.7

Declaration of emergency 0.4 0.5 0.6

Temporary medical units 0.3 0.5 0.6

Quarantine/lockdown 0.3 0.4 0.6

Building quarantine facilities 0.3 0.4 0.5

Public testing mobilization 0.3 0.4 0.5

Quarantine in government facility 0.3 0.4 0.5

Border health certificates 0.3 0.4 0.5

Monitoring population health 0.3 0.4 0.4

Public awareness measures 0.3 0.3 0.4

Suspend visa issuance 0.3 0.3 0.4

Mobilization of testing 0.3 0.3 0.4

Task force 0.2 0.3 0.4

Other border restriction 0.0 0.2 0.5

Border health screenings 0.2 0.2 0.3

Travel history required 0.1 0.1 0.2

PPE, personal protective equipment.
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explanation of our model validation strategy and of Fig. 5 is pro-
vided in the  Methods section.

Of course, a caveat with the index is that we may be missing 
some policy measures that have occurred, which is due to difficulty 
in finding them in published sources. However, there is still clear 
differentiation within the index in terms of when policies were 
imposed, with some countries starting to impose policies much ear-
lier than others. Furthermore, there is a clear break around 1 March 
2020, when countries began to impose more stringent policies across 
the world. Table 2 shows the discrimination parameters from the 
underlying Bayesian model for each policy type. These parameters 
suggest which policies governments find relatively difficult or costly 
to implement, and for that reason, tends to separate more active 
from less active states in terms of responses to COVID-19. Two of 
these policies (closure of restaurants and quarantine at home) were 
given fixed values to identify the direction and rotation of the latent 
scale; therefore, their discrimination parameters are not informa-
tive. These policies were chosen as a priori, so we can identify them 
as being relatively high cost. However, the rest of the parameters 
were allowed to float, which provides inference as to which policies 
appear to be the most difficult or costly to implement.

We note that these are average values for the sample. Imposing 
these policies may be less costly for certain countries or for countries 
that share certain characteristics, such as having smaller numbers 
of enrolled students or relatively healthy economies. However, it is 
important to note that we can see these patterns on a worldwide scale.

At the top of the index, we see various business closure policies 
as the most difficult to implement, while school closures are the next 
most difficult. Closure of pre-schools, though, as opposed to other 
school types, appears to be relatively less costly for states to under-
take, perhaps because pre-schools do not operate on a full-time basis. 
Internal border restrictions are considered more difficult to imple-
ment than external border restrictions, while relatively straightfor-
ward policies such as public awareness campaigns, health monitoring 
and opening new task forces or bureaus are near the bottom of the 

index. Quarantines placing people in external facilities, such as hotels 
or government quarantine centres, are also estimated as being less 
costly than quarantine at home (stay-at-home orders).

Given this distribution of discrimination parameters, we believe 
that the index is a valid representation of the underlying process by 
which governments progressively impose more difficult policies. As 
states relax policies, we will further gain information about which 
policies appear to be more costly, as we will be able to factor in the 
duration for which these policies were implemented. Consistent with 
our findings, we observe that the announced relaxation policies hap-
pening at the time of writing in European countries primarily centre 
on businesses and school openings, which suggests that these policies 
are uniquely costly to keep in place compared to travel restrictions82.

Discussion
As policymakers, researchers and the broader public debate and 
compare how to succeed against the novel threats posed by COVID-
19, they need real-time, traceable data of government policies to 
understand which of these policies are effective and under what 
conditions. This requires specific knowledge of the variation of such 
policies and how widely implemented they are across countries and 
time. The goal of the dataset and policy action index presented here 
is to provide this information.

We have tried to match our data collection efforts to keep up 
with the exponential speed at which COVID-19 has already 
upended global public health and the international economy while 
also maintaining high levels of quality. However, we will inevitably 
be refining, revising and updating our data to reflect new knowl-
edge and trends as the pandemic unfolds. The data that we present 
here represent an initial release; we will continue to validate and 
release data as long as governments continue to develop policies in 
response to COVID-19.

In future work, we intend to analyse the policy combinations that 
are best able to stymie the pandemic to contribute to the research 
community and provide urgently needed knowledge for policymak-
ers and the wider global public.

Methods
In this section, we first describe the variables that our dataset provides and how 
they are organized. We then provide detail on the methodology we employed to 
collect the data. Following this, we provide more detail on the methodology we 
employed to estimate our government policy action index.

Data schema. Each unique record documents at the minimum the following 
information: the policy type; the name of the country from which a policy 
originates (if the policy originates from a province or state, that information is 
also documented; future versions of the dataset will also include information 
on whether a policy was initiated from a city or municipality or another level 
of government); the degree to which a policy must be complied with; the entity 
enforcing the policy; and the date a policy is announced, implemented and ends. 
Note that sometimes policies are announced without a predetermined end date. In 
these cases, this field is left blank.

For all policies, the database further documents information about the 
geographical target of the policy and the human or material target of a policy. Note, 
however, for some policies, the geographical target may be the same as the policy 
initiator, and in these cases can be considered monadic. Where applicable, we also 
document the directional flow of the policy and what mechanism of travel (for 
example, flights or trains) a policy targets.

All of the above-mentioned information is also qualitatively provided via a textual 
event description. Additional meta-data that are available for all policies include when 
the record entered the database and a link for the information source for the policy. 
See Supplementary Methods (appendix A) for a list of currently available fields in the 
data, along with a list of external data variables such as country-level covariates that 
are added to daily releases, including COVID-19 tests and cases.

There is a unique record identity (ID) for each unique policy announcement 
per initiating country, which we code at the policy subtype. That is, some policy 
types are further categorized into subtypes. For example, ‘quarantine’ can be 
further classified into one or more of the following subtypes: ‘self-quarantine’, 
‘government quarantine’, ‘quarantine outside the home or government facility’ and 
‘other’. Of the 13,398 such events in the dataset, we identified 11,172 unique events. 
That is, some events in the database are updates or changes to existing policies. 
We link such events over time using a unique ID, which we term the policy ID as 

Table 3 | Inter-coder reliability measures for ongoing validation

Policy n Percentage 
agreement

Cohen’s 
kappa (k)

Restrictions of mass gatherings 21 95.2 0.95

Closure of schools 14 92.9 0.92

Restriction of non-essential 
businesses

19 89.5 0.89

External border restrictions 52 84.6 0.83

Curfew 6 83.4 0.82

Internal border restrictions 11 81.8 0.80

Declaration of national 
emergency

19 73.7 0.71

Quarantine/lockdown 28 67.9 0.65

Health measures 52 65.4 0.63

Restriction of non-essential 
government services

16 62.5 0.59

New task force, bureau or 
administrative configuration

9 55.6 0.52

Public awareness measures 15 53.3 0.49

Social Distancing 14 42.9 0.38

Summary of inter-coder 
reliability scores

Percentage agreement 0.74

Cohen’s kappa 0.72

Krippendorff’s alpha 0.71

Scott’s pi: estimate (s.e.m.) 0.71 (0.03)
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opposed to the record ID. An event counts as an update if it deals with a change in 
the following parameters:

 1. �e time duration (for example, a country lengthens its quarantine to 28 days 
from 14 days.).

 2. �e quantitative ‘amount’ of the policy (for example, a restriction of mass 
gatherings was previously set at 100 people and now it is set at 50 people).

 3. A set of other policy dimensions, such as the following:

 a. Who the policy applies to (for example, the quarantine used to apply to 
people of all ages and now it only applies to the elderly).

 b. �e directionality of the policy (for example, a travel ban previously banned 
inbound �ights from country X and now bans both inbound and outbound 
�ights to and from country X).

 c. �e travel mechanism (for example, a travel ban was previously applied to all 
types of travel but now only applies to �ights).

 d. �e compliance rules for the policy (for example, the quarantine used to be 
voluntary but is now mandatory).

 e. �e enforcer of a policy (for example, the policy was previously under the 
purview of the ministry of health but changed to the ministry of the interior).

A policy counts as a new entry and not an update if it deals with a change 
in any other dimension, for example, the qualitative policy type (for example, a 
quarantine used to mandate a stay in a government facility but now quarantine at 
home is allowed) or the targeted country (for example, a quarantine upon arrival 
was mandated for people travelling from China but now these rules also apply 
to people travelling from Italy). In these cases, or when a policy is completely 
cancelled or annulled, the policy is coded as having ended.

Data collection methodology. As researchers learn more about the various health, 
economic and social effects of the COVID-19 pandemic, it is crucial that, to the 
greatest extent possible, they have access to data that are reliable, valid and timely. 

We adopted a data collection methodology that we believe optimizes all three of 
these constraints.

To collect the data, we recruited more than 260 RAs from colleges and 
universities around the world, representing 18 out of the 24 time zones. Large 
social scientific datasets typically rely on experts, coders or crowd-sourcing to 
input data. The literature has shown that common coding tasks can be completed 
via crowd-sourcing83,84, but that there are also limitations to the wisdom of 
crowds when specific contextual or subject knowledge is required85,86. To address 
these trade-offs, we decided to train current RAs to code our entries, leveraging 
the benefits of widespread recruitment and a diverse pool of country-specific 
knowledge from across the globe. Data collection started on 28 March 2020 and 
has proceeded rapidly, reaching 13,398 records as of the date of writing this article. 
Each RA is responsible for tracking government policy actions for at least one 
country. RAs were allocated on the basis of their background, language skills and 
expressed interest in certain countries87. Note that depending on the level of policy 
coordination at the national level, certain countries were assigned multiple RAs, for 
example, the United States, Germany and France.

We have also partnered with the machine-learning company Jataware to 
automate the collection of more than 200,000 news articles from around the world 
related to COVID-19. Jataware employs a natural language processing classifier 
using bidirectional encoder representations from transformers to detect whether 
a given article is indicative of a governmental policy intervention related to 
COVID-19. They then apply a secondary natural language processing classifier to 
categorize the type of policy intervention based on the definitions in our codebook 
(for example, ‘declaration of emergency’ and ‘quarantine’, among others). Next, 
Jataware extracts the geospatial and temporal extent of the policy intervention (for 
example, ‘Washington DC’ and ‘March 15, 2020’) whenever possible. The resulting 
list of news sources is then provided to our RAs as an additional source for manual 
coding and further data validation.

In the following sections, we describe in greater detail how RAs document 
the policies that they identify using our data collection software instrument, and 
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Fig. 5 | Comparison of cross-sectional estimates of policy activity scores to the random-walk time series estimates. This figure provides a comparison 

of cross-sectional estimates of policy activity scores to the random-walk time series estimates. Lines show median posterior estimates from MCMC 

estimation with Stan. Each cross-sectional model was re-fitted to each day’s data independently using MCMC. High variance in cross-sectional estimates 

is a result of limited data per day and distortion due to latent scaling effects.
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our post data-collection validation procedure. Please refer to the Supplementary 
Methods (appendix B) for more information on our procedure for on-boarding 
and training RAs and our system for communicating with and organizing RAs.

Data collection software instrument. We designed a Qualtrics survey with survey 
questions to systematize and streamline the documentation of a given government 
policy over a wide range of dimensions. With this tool, RAs can easily and 
efficiently document information about different policy actions by answering 
the relevant questions posed in the survey (Büthe, T., Minhas, S. and Lieu, T., 
unpublished manuscript). For example, instead of entering the country that 
initiated a policy action into a spreadsheet, RAs answer the following question in 
the survey: ‘From what country does this policy originate?’. They then choose from 
the available options given in the survey.

By using a survey instrument to collect data, we are able to systematize the 
collection of very fine-grained data while minimizing coding errors common to 
tools such as shared spreadsheets. The value of this approach of course depends 
on the comprehensiveness of the questions posed in the survey, especially in terms 
of the universe of policy actions that countries have implemented for COVID-19. 
For example, if the survey only allowed RAs to select ‘quarantines’ as a government 
policy, it would not capture any data on ‘external border restrictions’, which would 
seriously reduce the value of the resulting data.

As such, to ensure the comprehensiveness of the data, before designing the 
survey, we collected in-depth, over-time data on policy actions taken by one 
country since the beginning of the outbreak, Taiwan, as well as cross-national data 
on travel bans implemented by most countries for a total of 245 events. The specific 
data source we cross-referenced for this effort was the 20 March 2020 version of a 
New York Times article on travel restrictions across the globe88.

We chose to focus on Taiwan because of its relative success, as of 28 March 
2020, in limiting the negative health consequences of COVID-19 within its 
borders89. As such, it seemed probable at the time that other countries would 
choose to emulate some of the policy measures that Taiwan had implemented, 
thereby bolstering the comprehensiveness of the questions we ask in our survey. 
Indeed at the time of writing, it would appear that some countries have indeed 
sought to mirror some parts of the response implemented by Taiwan90.

Meanwhile, by also investigating variations in how different countries around 
the world have implemented travel restrictions, we have helped ensure that our 
survey is able to comprehensively document variations in how an important 
and commonly used policy tool is applied; for example, restrictions on different 
methods of travel (for example, flights and cruises), restrictions across borders 
and within borders, restrictions targeted towards people of different statuses (for 
example, citizens and travellers).

There are many additional benefits of using a survey instrument for data 
collection, especially in terms of ensuring the reliability and validity of the resulting 
data, including the following reasons:

 1. Preventing unforced measurement error: RAs are prevented from entering 
data into incorrect �elds or unknowingly overwriting existing data—as would 
be possible with manual data entry into a spreadsheet—because RAs can only 
document one policy action at a time in a given iteration of a survey and do 
not have access to the full spreadsheet when they are entering in the data.

 2. Standardizing responses: we are able to ensure that RAs can only choose 
among standardized responses to the survey questions, which increases 
the reliability of the data and reduces the likelihood of measurement error. 
For example, when RAs choose di�erent dates that we would like them to 
document (for example, the date a policy was announced), they are forced 
to choose from a calendar embedded in the survey that systematizes the day, 
month and year format that the date is recorded in.

 3. Minimizing measurement error: a survey instrument allows coding of di�er-
ent conditional logics for when certain survey questions are posed. �is tech-
nique obviates the occurrence of logical fallacies in our data. For example, we 
are able to avoid situations whereby a RA might accidentally code the United 
States as having closed all schools in another country.

 4. Reduction of missing data: we are able to reduce the amount of missing data 
in the dataset by using the forced response option in Qualtrics. Where there 
is truly missing data, there is a text entry at the end of the survey where RAs 
can describe what di�culties they encountered in collecting information for a 
particular policy event.

 5. Reliability of the responses: we increase the reliability of the documentation 
for each policy by embedding descriptions of di�erent possible responses 
within the survey. For example, in the survey question where RAs are asked 
to identify the policy type (‘type’ variable, see Supplementary Methods (ap-
pendix A)), the survey question includes pop-up buttons that allow RAs to 
easily access descriptions and examples of each possible policy type. Such 
pop-up buttons were also made available for the survey questions that code 
for the people or materials a policy was targeted at (‘target_who_what’) and 
whether the policy was inbound, outbound or both (‘target_direction’). Em-
bedding such information in the dataset both clari�es the distinction between 
di�erent answer choices and increases the e�ciency of the policy documenta-
tion process (as RAs are not obliged to refer back and forth from the survey 
to the codebook).

 6. Linking observations: the use of a survey instrument facilitates the linking of 
policy events together over time should there be updates to existing policies. 
Once coded, each policy is given a unique record ID, which RAs can easily 
look up, reference and link to if they need to update a particular policy.

Post-data collection validation checks. We further implement the following 
processes to validate the quality of the dataset:

 1. Cleaning: before validation, we use a team of RAs to check the raw data for 
logical inconsistencies and typographical errors. �e data will also become 
part of a larger e�ort commissioned by the World Health Organization to col-
late di�erent datasets on government actions taken in response to COVID-19. 
To that end, future versions of the data will be further cleaned with resources 
from this collaborative e�ort91.

 2. Multiple coding for validation: others have shown that the random allocation 
of tasks and the validation of labels by more than one coder are among the 
best ways to improve the quality of a dataset92,93. We randomly sample 10% 
of the new entries in the dataset using the source of the data (for example, 
newspaper article, government press release) as our unit of randomization. 
We use the source as our unit of randomization because one source may 
detail many di�erent policy types. We then provide this source to a fully inde-
pendent RA and ask her to code for the government policy contained in the 
sampled source in a separate, but identical, survey instrument. If the source is 
in a language the RA cannot read, then a new source is drawn. �e RA then 
codes all policies in the given source. �is practice is repeated a third time by 
a third independent coder. Given the fact that each source in the sample is 
coded three times, we can assess the reliability of our measures and report the 
reliability score of each coder.

 3. Evaluation and reconciliation: we then check for discrepancies between the 
originally coded data and the second and third coding of the data through 
two primary methods. First, we use majority voting to establish a consensus 
for policy labels. Using the majority label as an estimate of the ‘hidden true la-
bel’ is a common method to address classi�cation problems94. One issue with 
this approach is that it assumes that all coders are equally competent95. �is 
criticism is generally levied at data creation with crowd-sourced labourers. 
We mitigate this problem by training our RAs in the data collection process 
and prioritizing the country-knowledge and language skills of RAs, therefore 
ensuring a more equal baseline for RA quality. In addition, we will provide 
RA identi�cation codes that will allow users to evaluate coder accuracy.

If the majority achieves consensus, then we consider the entry valid. If a 
discrepancy exists, a fourth RA or principal investigator makes an assessment of 
the three entries to determine whether one, some or a combination of all three is 
most accurate. Reconciled policies are then entered in the dataset as a correction 
for full transparency. If a RA was found to have made a coding mistake, then 
we sample six of their previous entries: three entries that correspond to the type 
of mistake made (for example, if the RA incorrectly codes an external border 
restriction as a quarantine, we sample three entries for which the RA has coded 
a policy as being about a quarantine) and randomly sample three more entries to 
ascertain whether the mistake was systematic or not. If systematic errors are found, 
entries coded by that individual will be entirely re-coded by a new RA.

At the time of writing, we are in the process of completing our second coding 
of the validation sample. Thus far, 297 policies have been double coded—276 
double-coded policies after excluding the category ‘other policies’ from the 
analysis—out of the original 500 randomly selected policies included in our 
validation set. This is equivalent to 10% of the first 5,000 policies in the dataset. We 
will gradually expand the validation set until we cover 10% of all observations.

We provide several measures in Table 3 to evaluate the inter-coder reliability at 
this early stage of validation. We find remarkable heterogeneity in the inter-coder 
reliability across types of policies. Our coders show a substantial level of agreement 
on policies such as restrictions of mass gatherings (n = 21, k = 0.95), closure 
of schools (n = 14, k = 0.92), restrictions of non-essential businesses (n = 19, 
k = 0.89), external border restrictions (n = 52, k = 0.83), curfew (n = 6, k = 0.82) 
and internal border restrictions (n = 11, k = 0.80). However, we also observe poor 
inter-rater agreement scores in other policies such as social distancing (n = 14, 
k = 0.38), public awareness measures (n = 15, k = 0.49) and new task force, bureau 
or administrative configuration (n = 9, k = 0.52). Overall, these statistics indicate 
substantial levels of overall agreement between coders, with inter-coder reliability 
scores between 0.71 and 0.74 (n = 276).

Our initial assessment of miscodings suggests that our coders have 
difficulties in distinguishing social distancing policies from quarantine/
lockdowns and public awareness campaigns. We have taken some steps to 
ameliorate these issues. First, we have recently separated quarantine from 
lockdowns in our codebook and survey. Second, we have added branching 
logic to the Qualtrics survey that also clarifies the specific subpolicies that fall 
under quarantine, lockdowns and social distancing. Additionally, we have added 
several subtypes of public awareness campaigns in the survey that should provide 
conceptual clarity to this policy category. Furthermore, the creation of a new task 
force, bureau or administrative configuration often goes together with a number 
of additional policies. In these cases, some of our coders seem to focus on these 
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additional policies rather than on the creation of administrative units, which 
lowers the reliability of the coding system for this policy. We have provided RAs 
with better guidance on this category and have added several subtypes for this 
question to help improve conceptual clarity for this policy category. Finally, 
we detected extremely poor reliability for the health-related policies of health 
monitoring and health testing. We have clarified the distinction across the three 
health-related policies—namely, health resources, health monitoring and health 
testing—in the codebook and we combine them under the category of health 
measures in this ongoing validation.

In the subsequent weeks, we expect inter-coder reliability scores to improve as 
a consequence of three processes: (1) our coders are becoming more experienced 
with the codebook and the coding tasks in general; (2) we are cleaning the dataset 
of obvious errors and logical inconsistencies; and (3) we are working on clarifying 
and improving the codebook and the coding system. Notwithstanding these 
processes, we acknowledge that some ambiguities will unavoidably remain, which 
provides evidence for the utility of our planned majority-voting validation strategy.

Time-varying item response model. Our time-varying item response model 
follows the specification in Kubinec96. We review that notation here to show how it 
relates to classical item–response theory and the ideal point modelling literature.

The likelihood function for the model is as follows for a set of countries i ∈ I, 
items j ∈ J, time points t ∈ T and ordinal categories k ∈ K:

LðY ijtkjαit ; γj; βjÞ ¼
Q

I

i¼1

Q

J

j¼1

Q

T

t¼1

1� ζðγjαit � βj � c1Þ if K ¼ 0

ζðγjαi � βj � ck�1Þ � ζðγjαit � βj � ckÞ if 0<k<K; and

ζðγjαit � βj � ck�1Þ � 0 if k ¼ K

8

>

<

>

:

ð1Þ

In this equation, the time-varying country parameters αit, also called person 
abilities or ideal points, are our estimate of policy activity scores. They are jointly 
estimated with the item (policy type) discrimination parameters γj and item 
difficulty (intercept) parameters βj. To address the ordinal nature of the outcome 
Yijtk, ordinal cutpoints ck are used to model the varying levels of enforcement and 
geographical targets in the data. The logit function, represented by ζ (⋅), maps 
the latent scale to the probability that a given ordinal outcome is chosen. Because 
we have two separate types of ordered measures (domestic versus international 
policies) with either three or four ordered categories, we jointly estimate the model 
as two ordered logit specifications.

The likelihood in equation (1) is not fully identified due to possible scaling 
issues with the latent variable αit (that is, it has no natural units) and due to potential 
sign reflection (also called multimodality) where L(Yijtk) could be unchanged even if 
αit is multiplied by –1. These identification issues are well known in the literature76, 
and we resolve them with standard practices. First, we assign a reasonably 
informative prior distribution on the t = 1 ideal points as follows:

αit¼1  Nð0; 1Þ ð2Þ

We also fix the discrimination parameters γj for two items, quarantines and 
restriction of restaurants and bars, to opposite ends of the latent scale (+1 and 
–1). Because both of these variables load on the same side of the scale (that is, 
both indicate more policy activity), we reverse the order of the categories for 
restriction of restaurants and bars. We note that these types of restrictions are not 
commonly used in traditional item–response theory, whereby a sign restriction is 
imposed on all discrimination parameters. We employ the more flexible ideal point 
specification, which also allows us to test the assumption that all the discrimination 
parameters load on the same sign (as Table 2 shows, this is true for all of the 
parameters). The rest of the parameters are given weakly informative prior 
distributions (note a prior is put over the difference of cutpoints, rather than the 
cutpoints themselves, to reflect the fact that only the differences between cutpoints 
have any natural scale):

γj  Nð0; 5Þ ð3Þ

βj  Nð0; 2Þ ð4Þ

ck � ck�1  Nð0; 5Þ ð5Þ

Finally, to model the policy scores αit as a random walk, we assign a prior that is 
equal to the prior period policy score plus normally distributed noise as follows:

αit  Nðαit�1; σiÞ ð6Þ

σi  Eð1Þ ð7Þ

The over-time dimension induces a new source of identifiability issues, which 
we resolve by fixing the variance σi of one of the countries (the United States)  

to 0.1 so that the over-time variance is relative to this constant. This constraint has 
a similar identification effect to the informative prior on the first period policy 
activity scores in equation (2).

Model convergence. For estimation, we sample from four Markov chain 
Monte Carlo (MCMC) chains with over-dispersed starting values using Stan, a 
Hamiltonian Markov chain Monte Carlo (HMC) sampler97. We run the sampler 
for 800 iterations, 400 of which are discarded as a warm-up. While this number of 
iterations is far fewer than other MCMC samplers, HMC is far more efficient at 
exploring the posterior density, and we were able to achieve convergence using this 
number of iterations.

We assess convergence using split-R̂ by fitting four independent chains 
with over-dispersed starting values. R̂ values for all parameters (which totalled 
more than 40,000) were 1.01 or less (see plot A in Extended Data Fig. 2). Plot B 
in Extended Data Fig. 2 shows the distribution of effective number of samples 
for the parameters, which is a way of comparing the autocorrelation in MCMC 
draws to independent draws without autocorrelation, such as we might obtain 
from a Monte Carlo simulation. Again, the number of effective samples is high, 
often exceeding the total number of empirical draws. This occurred because 
Hamiltonian Monte Carlo can produce more informative samples than even 
a Monte Carlo simulation because it can generate negatively correlated draws 
that explore the posterior space much more quickly. We also assess convergence 
using trace plots, one of which is shown below for the time-varying country 
policy activity scores for the United States. Strong mixing between chains can 
be observed in the plot. Finally, we report no divergent transitions or iterations 
where the sampler reached its maximum tree depth, which are both signs of 
poor mixing in the chains. For these reasons, we are confident that the sampler 
reached a stationary distribution and was able to adequately explore the 
high-density regions of the joint posterior.

Model validity. While employing a measurement model ensures robustness against 
arbitrary data-coding errors, it is still necessary to validate the over-time process 
of the model, which imposes some assumptions on how policy activity scores 
change over time. The use of a random walk implies that policy differences will be 
relatively stable from one day to the next, which could limit the ability of scores 
to encompass quick, discontinuous changes98. While we employ this particular 
specification because it has been previously applied to a variety of empirical 
phenomena and because of its relative parsimony, we can partially test for whether 
it captures changes by estimating a static item–response theory model for each day 
in the sample. The corresponding estimates represent cross-sections without any 
time process imposed.

Due to the complexity of comparing the estimates, we plot the results for six 
countries separately in Fig. 5. This figure shows that the cross-sectional estimates 
can show much more discontinuous jumps, although we note at the same time 
that there appears to be substantial noise in the estimates as they only incorporate 
information available at a single day. Nonetheless, while the random-walk estimates 
certainly exhibit less discontinuous change, they do still allow for quick divergence 
in policy activity scores, with France and Russia moving from the bottom to the 
top of the index in the space of only a few weeks.

We note as well that the model is parameterized so that each country has its 
own variance parameter. This permits the rate of change to vary by c 
ountry, reducing the concern that the model may be overly restricting change. 
These variance parameters are shown in Fig. 4, sorted in order of increasing 
over-time variance. These estimates are themselves substantively interesting, as 
the United States, which was used as the reference category, has actually one of 
the lowest rates of over-time change, while some countries such as New Zealand, 
Spain and San Marino witnessed the highest variance in policy activity scores. 
Because, at this time, the index only captures increasing numbers of policies, 
the variance parameters can be given the interpretation of which countries 
responded in the shortest period of time across a broad array of  
policy indicators.

Reporting Summary. Further information on research design is available in the 
Nature Research Reporting Summary linked to this article.

Data availability
For the most current, up-to-date version of the dataset, please visit https://
coronanet-project.org or our Github page at https://github.com/saudiwin/
corona_tscs. For more information on the exact variables collected, please 
see our publicly available codebook here and visit our website at https://www.
coronanet-project.org.

Code availability
Interested readers may also find our code for collecting the data and maintaining 
the database at our Github page: https://github.com/saudiwin/corona_tscs.
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Extended Data Fig. 1 | Network Map of Bans on Inbound Flights of all European countries as of March 15, 2020. This figure is an expansion of Fig. 2. 

It shows a network of bans on inbound flights initiated by all European countries as of March 15, 2020 as opposed to the subset of European countries 

shown in Fig. 2. The vertical lines denote whether there was such a flight ban between two countries, and the arrow of the vertical line indicates the 

direction in which the ban is applied.
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Extended Data Fig. 2 | Convergence Diagnostics for Random-Walk HMC Fit. Plot A shows the distribution of split-Rhat values for all 40,000 parameters 

in the model, revealing most parameters are close to 1, which indicates strong convergence. The effective number of samples for parameters in plot B 

is also very high, often exceeding the total number of posterior draws. Plots C and D show strong mixing across chains for the intercept and over-time 

parameter for the United States for January 30th.
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