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Policymaking during a pandemic can be extremely challenging. As COVID-19 is a new disease and its
global impacts are unprecedented, decisions are taken in a highly uncertain, complex, and rapidly chang-
ing environment. In such a context, in which human lives and the economy are at stake, we argue that
using ideas and constructs from modern decision theory, even informally, will make policymaking a more
responsible and transparent process.

model uncertainty | ambiguity | robustness

The COVID-19 pandemic exposes decision problems
faced by governments and international organiza-
tions. Policymakers are charged with taking actions
to protect their population from the disease while
lacking reliable information on the virus and its trans-
mission mechanisms and on the effectiveness of pos-
sible measures and their (direct and indirect) health
and socioeconomic consequences. The rational policy
decision would combine the best available scientific
evidence—typically provided by expert opinions and
modeling studies. However, in an uncertain and rap-
idly changing environment, the pertinent evidence is
highly fluid, making it challenging to produce scientif-
ically grounded predictions of the outcomes of alter-
native courses of action.

A great deal of attention has been paid to how
policymakers have handled uncertainty in the COVID-
19 response (1–6). Policymakers have been con-
fronted with very different views on the potential out-
break scenarios stemming from divergent experts’

assessments or differing modeling predictions. In the
face of such uncertainty, policymakers may respond
by attempting to balance the alternative perspectives,
or they may fully embrace one without a concern that
this can vastly misrepresent our underlying knowledge
base (7). This tendency to lock on to a single narrative—
or more generally, this inability to handle uncertainty—
may result in overlooking valuable insights from alter-
native sources, and thus in misinterpreting the state of
the COVID-19 outbreak, potentially leading to subop-
timal decisions with possibly disastrous consequences
(2, 8–10).

This paper argues that insights from decision
theory provide a valuable way to frame policy chal-
lenges and ambitions. Even if the decision-theory con-
structs are ultimately used only informally in practice,
they offer a useful guide for transparent policymaking
that copes with the severe uncertainty in sensible
ways. First, we outline a framework to understand
and guide decision-making under uncertainty in the
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COVID-19 pandemic context. Second, we show how formal deci-
sion rules could be used to guide policymaking and illustrate their
use with the example of school closures. These decision rules allow
policymakers to recognize that they do not know which of themany
potential scenarios is “correct” and to act accordingly by taking
precautionary and robust decisions, that is, that remain valid for a
wide range of futures and keep options open (11). Third, we discuss
directions to define a more transparent approach for communicat-
ing the degree of certainty in scientific findings and knowledge,
particularly relevant to decision-makers managing pandemics.

Decision under Uncertainty
The Policymaker’s Problem(s). The decision-making problem
faced by a high-level government policymaker during a crisis like
the COVID-19 pandemic is not trivial. In the first stage, when a
new infectious disease appears, the policymaker may attempt to
contain the outbreak by taking early actions to control onward
transmission (e.g., isolation of confirmed and suspected cases and
contact tracing). If this phase is unsuccessful, policymakers face a
second-stage decision problem that consists of determining the
appropriate level, timing, and duration of interventions to miti-
gate the course of clinical infection. These interventions may in-
clude banning mass gatherings, closing schools, and more
extreme “lockdown” restrictions.

While these measures are expected to reduce the pandemic’s
health burden by lowering the peak incidence, they also impose
costs on society. For instance, they may have adverse impacts on
mental health, domestic abuse, and job loss at a more personal
level. Moreover, there are societal losses due to the immediate
reduced economic activity coupled with a potentially prolonged
recession and adverse impacts on longer-term health and social
gradients. Policymakers must thus promptly cope with a complex
and multifaceted picture of direct and indirect, proximal and
distal, health, and socioeconomic trade-offs. In the acute phase of
the pandemic, the trade-off between reducing mortality and
morbidity and its associated socioeconomic consequences may
seem relatively straightforward. Still, once out of this critical
phase, most trade-offs are difficult and costly. How should the
policymaker decide when and how to introduce or relax measures
in a justifiable way, not just from a health and economic per-
spective but also politically? The answer critically depends on the
prioritization and balance of potentially conflicting objectives (12).

Scientific Evidence and the Role of Modeling. Scientific
knowledge is foundational to the prevention, management,
and treatment of global outbreaks. Some of this evidence can
be summarized in pandemic preparedness and response
plans (at both international and national levels) or might be
directly obtained from panels of scientists with expertise in
relevant areas of research, such as epidemiologists, infectious dis-
ease modelers, and social scientists. An essential part of the scientific
evidence comes from quantitative models (13). Quantitative models
are abstract representations of reality that provide a logically con-
sistent way to organize thinking about the relationships among vari-
ables of interest. They combine what is known in general with what is
known about the current outbreak to produce predictions to help
guide policy decisions (14).

Epidemiological models (e.g., refs. 15 and 16) have been used
to guide decision-making by assessing what is likely to happen to
the transmission of the virus if policy interventions—either inde-
pendently or in combination—were put in place. Such public
health-oriented models are particularly useful in the short term to

project the direct consequences of policy interventions on the
epidemic trajectory and to guide decisions on resource alloca-
tions (17). As the measures put in place also largely affect the
economic environment, decision-makers must, at least implicitly,
confront trade-offs in the health- and nonhealth-related economic
consequences. To weigh these trade-offs necessarily requires
more than epidemiological models. For example, health policy
analysis models, such as computable general equilibrium models,
are used to simultaneously estimate the direct and indirect im-
pacts of the outbreak on various aspects of the economy, such as
labor supply, government budgets, or household consumption
(18). More recent integrated assessment models combine eco-
nomics and epidemiology by incorporating simplified epidemio-
logical models of contagion within stylized dynamic economic
frameworks. Such models address critical policy challenges by
explicitly modeling dynamic adjustment paths and endogenous
responses to changing incentives. They have been used to in-
vestigate the optimal policy response or alternative macroeco-
nomic policies’ effectiveness to the economic shocks due to the
COVID-19 pandemic (19–22). However, these different modeling
approaches do not formally incorporate uncertainty; instead, they
treat it ex-post, for example using sensitivity analyses.

Uncertainty. Decisions within a pandemic context have to be
made under overwhelming time pressure and amid high scientific
uncertainty, with minimal quality evidence and potential disagree-
ments among experts and models. In the COVID-19 outbreak,
there was uncertainty about the virus’s essential characteristics,
such as its transmissibility, severity, and natural history (3, 23, 24).
This state of knowledge translates into uncertainty about the system
dynamics, which renders uncertain the consequences of alternative
policy interventions such as closing down schools or wearing masks
in public. At a later stage of the pandemic, information overload
becomes an issue, making it more difficult for the decision-maker to
identify useful and good-quality evidence. The consequence is that,
given the many uncertainties they are built on, no single model can
be genuinely predictive in the context of an outbreak management
strategy. Yet, if their results are used as insights providing potential
quantitative stories among alternative ones, models can offer pol-
icymakers guidance by helping them understand the fragments of
information available, uncover what might be going on, and
eventually determine the appropriate policy response. The dis-
tinction between three layers of uncertainty—uncertainty within
models, across models, and about models—can help the policy-
maker understand the extent of the problem (25–28).

Uncertainty within models reflects the standard notion of risk:
uncertain outcomes with known probabilities. Models may in-
clude random shocks or impulses with prespecified distributions.
It is the modeling counterpart to flipping coins or rolling dice in
which we have full confidence in the probability assessment.

Uncertainty across models encompasses both the unknown
parameters for a family of models or more discrete modeling
differences in specification. Thus, it relates to unknown inputs
needed to construct fully specified probability models. In the
COVID-19 context, this corresponds, for example, to the uncer-
tainty of some model parameters, such as how much transmission
occurs in different age groups or how infectious people can be
before they have symptoms. Existing data, if available and reli-
able, can help calibrate these model inputs. An additional chal-
lenge for the policymaker is the proliferation of modeling groups,
researchers, and experts in various disciplines (epidemiology,
economics, and other social sciences). Each of these provides
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forecasts and projections about the disease’s evolution and/or its
socioeconomic consequences. This uncertainty across models
and their consequent predictions may be difficult to handle by
policymakers, especially as one approach is not necessarily su-
perior to another but simply adds another perspective (29). There
is no single “view.” Analysis of this form of uncertainty is typically
the focal point of statistical approaches. Bayesian analyses, for
instance, confront this via the use of subjective probabilities,
whereas robust Bayesians explore sensitivity to prior inputs. De-
cision theory explores the ramifications of subjective uncertainty,
as there might be substantial variation in the recommendations
across different models and experts, reflecting other specific
choices and assumptions regarding modeling type and structure.

Finally, as models are, by design, simplifications of more
complex phenomena, they are necessarily misspecified, at least
along some dimensions. For instance, they might not mention
certain variables that matter, which modelers are or are not aware
of, or they may be limited in the scope of functional relationships
considered, unknown forms of specification and measurement
errors, and so forth. Consequently, there is also uncertainty about
the models’ assumptions and structures. It might sometimes be
challenging, even for experts, to assess the merits and limits of
alternative models and predictions.* This is what we mean in our
reference to uncertainty about models.

How to Make Rational Decisions under Uncertainty?
Now that we have characterized the elements of the decision
problem under uncertainty (Fig. 1), the question remains on how
to make the best possible decision. In other words, how should
the policymaker proceed to aggregate the different (and usu-
ally conflicting) scientific findings, model results, and expert
opinions—which are all uncertain by construction and by lack of
reliable data—and ultimately determine policy? Insights from
modern decision theory are of the most significant value at this
stage. They propose normative guidelines and “rules” to help
policymakers make the best, that is, the most rational, decision
under uncertainty.

How Can Formal Decision Rules Be Useful? The formal decision
rules proposed by decision theorists are powerful, mathematically
founded† tools that relate theoretical constructs and choice pro-
cedures to presumably observable data. Making a decision based
on such rules is equivalent to complying implicitly with a set of
general consistency conditions or principles governing human
behavior. During a crisis such as the COVID-19 pandemic, using
decision theory as a formal guide will lend credibility to policy-
making by ensuring that the resulting actions are coherent and
defensible. To illustrate how decision theory can serve as a co-
herence test (31), imagine the case of a policymaker trying to
determine what the best response to the current pandemic is. The
decision-makers can make up their minds by whatever mix of in-
tuition, expert advice, imitation, and quantitative model results
they have available and then check their judgment by asking
whether they can justify the decision using a formal decision rule.
Conceptually, it can be seen as a form of dialogue between the

policymakers and decision theory, in which an attempt to justify a
tentative decision helps to clarify the problem and, perhaps, leads
to a different conclusion (32). Used this way, formal decision rules
may help policymakers clarify the problem they are dealing with,
test their intuition, eliminate strictly dominated options, and avoid
reasoning mistakes and pitfalls that have been documented
in psychological studies (e.g., confirmation bias, optimism bias,
representativeness heuristic, prospect theory, etc.) (33).

Finally, because committees might investigate how decisions
were taken during the crisis, for example about how lockdown
measures were implemented and lifted, policymakers are held to
account for the actions they took. A formal decision model can
play an essential role in defending one’s choice and generating
ex-post justifiability. For example, it could help a policymaker who
had to decide which neighborhoods to keep under lockdown and
which not to explain the process that led to such decisions to
citizens who might think they have not been treated fairly.

Which Decision Rule to Follow? As decision theory proposes a
variety of different rules for decision-making under uncertainty,

Policy chosen
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Fig. 1. Overview of the decision problem under uncertainty.

*Note that another way to see this additional layer of uncertainty is as uncer-
tainty over predictions of alternative models that have not been developed yet.

†Typically, each of these rules results from an axiomatization [i.e., an equiva-
lence result taking the form of a theorem that relates a theoretical description
of decision-making to conditions on observable data (30)].
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the call for using decision theory begs the question, Which rules to
follow? The answer depends, in our opinion, on the society or
organization in question. Decision theory should offer a gamut of
models, and the people for whom decisions are made should find
acceptable the model that is considered to “provide a justifica-
tion” for a given decision. Thus, the answer ultimately depends on
the policymakers’ characteristics, for example which conditions or
behavioral principles they want to comply with, how prudent they
want the policy to be, or what answer their constituency expects
to receive. In Fig. 2, we present a simple example of school clo-
sures’ decision problem during the COVID-19 pandemic. We use
this to demonstrate how distinct quantitative model outputs
(some of which represent “best guesses” while others represent
“reasonable worst-case”‡ possibilities) can be combined and
used in formal decision rules, and what the resulting recommen-
dations in terms of policy responses are.

The policymaker’s problem consists in finding the right bal-
ance between protecting the health and preventing economic
and social disruptions by choosing whether and for how long to
keep schools closed, given the scarce scientific evidence and the
disagreement that may exist across model projections, possibly
leading to significantly different policies.

The decision rules that we present differ primarily in how they
handle probabilities. According to the Bayesian view, which holds
that any source of uncertainty can be quantified probabilistically,
the policymaker should always have well-defined probabilities
about the impacts of the measures taken. If they rely on quanti-
tative model outputs or expert advice to obtain different esti-
mates, then they should attach a well-defined probability weight
to each of these and compute an average. Thus, in the absence of
objective probabilities, the decision-makers have their own sub-
jective probabilities to guide decisions.

However, it may not always be rational to follow this approach
(34–37). Its limitation stems from its inability to distinguish be-
tween uncertainty across models (which has an epistemic nature
and is due to limited knowledge or ignorance) and uncertainty
within models (which has an aleatory nature and is due to the
intrinsic randomness in the world). In the response to the COVID-
19 outbreak, the Bayesian approach requires the policymaker to
express probabilistic beliefs (about the impact of a policy, about
the correctness of a given model, etc.), without being told which
probability it makes sense to adopt or being allowed to say “I
don’t know.” Because of the disagreements that may exist across
different model outputs, or expert opinions, another path may be
to acknowledge one’s ignorance and relax the assumption that we
can associate precise probabilities to any event. Modern decision
theory proposes decision rules in line with this non-Bayesian ap-
proach. The axiomatic approach on which it is founded serves as
an essential guide in understanding the merits and limitations of
alternative ways to confront uncertainty formally. While we do not
see this theory as settling on a single recipe for all decision
problems, it adds important clarity to the rationale behind
alternative decision rules.

Discussion
The decision rules presented in Fig. 2 are fully compatible with
normative interpretations and could be particularly useful to de-
sign robust policies in this COVID-19 pandemic context. They

assume that policymakers cope with uncertainty without reducing
everything to risk, a pretension that tacitly presumes better in-
formation than they typically have. When exploring alternative
courses of action, policymakers are necessarily unsure of the
consequences. In such a context, sticking to the Bayesian
expected utility paradigm not only requires substantive expertise
(in weighting the pros and cons of alternative models) but also
overshadows the policymaker’s reaction to the variability that may
exist across models. While we focus, in Fig. 2, on a subset of
decision rules, which can be checked for logical consistency, it
should be clear, however, that other criteria, such as minmax re-
gret (38), also exist and have been used in some applied contexts
(39, 40). As mentioned above, we believe that a decision criterion
is also a matter of personal preferences, which should somehow
be aggregated over the different individuals for whom the deci-
sions are made. Thus, the examples used in this paper are
inevitably subjective, too.

We recognize the challenges in using decision theory when the
decision-making process itself is complicated and many partici-
pants are involved with potentially different incentives. Never-
theless, we also see value to its use in less formal ways as
guideposts to prudent decision-making and as a sensible way of
framing the uncertainties in the trade-offs that policymakers are
presented with.

In this example, the decision problem setup has been delib-
erately kept to minimal complexity to focus on the decision theory
aspects. In particular, the set of actions is here limited to a single
intervention (the duration of the school closure). In reality, the
decision problem would, of course, require a much higher di-
mensional space (e.g., selective local closures, school dismissal,
etc.), the interaction with other social distancing measures, or the
ability to integrate start and stop times. Along the same lines, time
constraints, learning, and dynamic considerations have been as-
sumed away for the sake of tractability. In reality, it should be clear
that the existence of deadlines could restrict which actions are
feasible so that different sets of actions may correspond to
different timings.

Similarly, as time passes, experts learn more about virus
transmission and disease dynamics, which ultimately leads them
to update their projections. Different “updating rules” allow in-
corporating such new information into the decision-making pro-
cess. Our general message is the same as the one concerning the
decision rules: The decision-maker should make her choice of the
updating rule and be able to justify her decision based on this rule
and the conditions that it does or does not satisfy. Finally, for
expositional simplicity, we also abstracted from concerns about
model misspecification, while recognizing this to be an integral
part of how decision-makers should view the alternative models or
perspectives that they confronted.

Concluding Remarks
During a period of crisis, policymakers, who make decisions on
behalf of others, may be required to provide a protocol that
suggests a decision-theoretic model supporting their decisions.
Decision theory can contribute to a pandemic response by pro-
viding a way to organize a large amount of potentially conflicting
scientific knowledge and providing rules for evaluating response
options and turning them into concrete decision-making.

In this paper, we have highlighted the importance of quanti-
tative modeling to support policy decisions [the same recom-
mendation has also been made in other public health contexts
(40)]. This use of models is common in different macroeconomic

‡As these projections are typically premised on “reasonable” bounds in terms of
their model inputs.
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Fig. 2. Case study. School closures and their length during the COVID-19 pandemic (see refs. 52–69). Details are provided in SI Appendix.
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settings, including the assessments of monetary and fiscal poli-
cies. Some may see quantitative modeling as problematic be-
cause it requires seemingly arbitrary subjective judgments about
the correctness of the different model specifications, leading
them to prefer qualitative approaches. Even qualitative methods
cannot escape the need for subjective inputs, however. Restrict-
ing scientific inputs to be only qualitative limits severely poten-
tially valuable inputs into prudent policymaking. Instead, we
argue in favor of using quantitative models and data, including
explicit information about our underlying knowledge’s limits. We
propose decision rules that incorporate the decisionmaker’s
confidence in her subjective probabilities, thus rendering the
decision-making process based on formal quantitative rules both
robust and prudent.

In practical terms, ensuring that policy options are in line with
formal decision rules could be achieved by having a decision
analyst in the group of advisors to nurture a dialogue between
policymakers and decision theory. This dialogue could clarify the
trade-offs and encourage a more sanguine response to the un-
certainties present when assessing the alternative courses of ac-
tion and result in an improved policy outcome (31, 41).

To make the decision-making process under uncertainty more
efficient, we also suggest acknowledging and communicating the
various uncertainties transparently (42). For example, illustrating,
quantifying, and discussing the multiple sources of uncertainty
may help policymakers better understand their choices’ potential
impact. To this aim, modelers should provide all information
needed to reconstruct the analysis, including information about
model structures, assumptions, and parameter values. Moreover,
the way uncertainty around these choices affects model results
needs to be accurately communicated, such as systematically
reporting uncertainty boundaries around the estimates provided
(43). Scientific and policy advisors would then need to synthesize
all this information (32)—coming from diverse sources across dif-
ferent disciplines, possibly of different quality—to help policy-
makers turning it into actionable information for decisions, while
making sure the complete range of uncertainty (including within
and across models) is clearly reported and understood properly
(44, 45).

One possible way to go is to enhance standardization by de-
veloping and adopting standard metrics to evaluate and com-
municate the degree of certainty in key findings. While several
approaches have been proposed (46), insights could, for example,

be gained from the virtues and the shortcomings of the reports of
the Intergovernmental Panel on Climate Change (47). Another
way is to develop further communication and collaboration be-
tween model developers and decision-makers to improve the
quality and utility of models and the decisions they support (48).

Finally, while policymakers are responsible for making deci-
sions, they are also responsible for communicating to profes-
sionals and the public. The way individuals respond to advice and
measures selected is as vital as government actions, if not more
(3). Communication should thus be an essential part of the policy
response to uncertainty. In particular, government communica-
tion strategies to keep the public informed of what we [do not (49)]
know should balance the costs and benefits of revealing infor-
mation (how much, and in what form) (50).

As government strategies have been extensively debated in
the media and models have become more scrutinized, one lesson
learned from the COVID-19 management experience may be that
policymakers and experts must increase their approaches’ trans-
parency. Using the constructs from decision theory in policy-
making, even in an informal way, will help ensure prudent
navigation through the uncertainty that pervades this and possibly
future pandemics. Being open about the degree of uncertainty
surrounding the scientific evidence used to guide policy choices
and allowing for the assumptions of the models used or for the
decision-making process itself to be challenged is a valuable way
of retaining public trust (51). At the same time, it is essential to
counteract what is too often displayed by self-described experts
who seek to influence policymakers and the public by projecting a
pretense of knowledge that is likely to be false.

Materials
Supplementary information is included in SI Appendix,Methods Supplement to
Figure 2.

Data Availability. There are no data underlying this work.

Acknowledgments
This work was supported by Alfred P. Sloan Foundation Grant G-2018-11113;
the AXA Chairs for Decision Sciences at HEC and in Risk at Bocconi University;
the European Research Council under the European Union’s Seventh Frame-
work Programme (FP7-2007-2013; Grant 336703) and Horizon 2020 research
and innovation programme (Grant 670337); the French Agence Nationale de la
Recherche under Grants ANR-17-CE03-0008-01, ANR-11-IDEX-0003, and ANR-
11-LABX-0047; the Foerder Institute at Tel-Aviv University; and Israel Science
Foundation Grant 1077/17.

1 M. Lazzerini, G. Putoto, COVID-19 in Italy: Momentous decisions and many uncertainties. Lancet Glob. Health 8, e641–e642 (2020).
2 N. Chater, Facing up to the uncertainties of COVID-19. Nat. Hum. Behav. 4, 439 (2020).
3 R. M. Anderson, H. Heesterbeek, D. Klinkenberg, T. D. Hollingsworth, How will country-based mitigation measures influence the course of the COVID-19
epidemic? Lancet 395, 931–934 (2020).

4 E. J. Emanuel et al., Fair allocation of scarce medical resources in the time of covid-19. N. Engl. J. Med. 382, 2049–2055 (2020).
5 L. P. Hansen, “Using quantitative models to guide policy amid COVID-19 uncertainty” (White Paper, Becker Friedman Institute, Chicago, 2020).
6 C. F. Manski, Forming COVID-19 policy under uncertainty. J. Benefit Cost Anal. 1–16 (2020).
7 P. N. Johnson-Laird, Mental models and human reasoning. Proc. Natl. Acad. Sci. U.S.A. 107, 18243–18250 (2010).
8 A. Cancryn, “How overly optimistic modeling distorted Trump team’s coronavirus response.” Politico, 24 April 2020. https://www.politico.com/news/2020/04/24/
trump-coronavirus-model-207582. Accessed 8 January 2021.

9 P. Rucker, J. Dawsey, Y. Abutaleb, R. Costa, L. H. Sun, 34 days of pandemic: Inside Trump’s desperate attempts to reopen America.Washington Post, 3 May 2020.
https://www.washingtonpost.com/politics/34-days-of-pandemic-inside-trumps-desperate-attempts-to-reopen-america/2020/05/02/e99911f4-8b54-11ea-9dfd-
990f9dcc71fc_story.html. Accessed 8 January 2021.

10 The Editors, Dying in a leadership vacuum. N. Engl. J. Med. 383, 1479–1480 (2020).
11 R. J. Lempert, M. T. Collins, Managing the risk of uncertain threshold responses: Comparison of robust, optimum, and precautionary approaches. Risk Anal. 27,

1009–1026 (2007).
12 T. D. Hollingsworth, D. Klinkenberg, H. Heesterbeek, R. M. Anderson, Mitigation strategies for pandemic influenza A: Balancing conflicting policy objectives. PLoS

Comput. Biol. 7, e1001076 (2011).
13 O. Morgan, How decision makers can use quantitative approaches to guide outbreak responses. Philos. Trans. R. Soc. Lond. B Biol. Sci. 374, 20180365 (2019).
14 S. den Boon et al., Guidelines for multi-model comparisons of the impact of infectious disease interventions. BMC Med. 17, 163 (2019).

6 of 7 | PNAS Berger et al.
https://doi.org/10.1073/pnas.2012704118 Rational policymaking during a pandemic

D
ow

nl
oa

de
d 

at
 P

al
es

tin
ia

n 
T

er
rit

or
y,

 o
cc

up
ie

d 
on

 N
ov

em
be

r 
30

, 2
02

1 

https://www.pnas.org/lookup/suppl/doi:10.1073/pnas.2012704118/-/DCSupplemental
https://www.pnas.org/lookup/suppl/doi:10.1073/pnas.2012704118/-/DCSupplemental
https://www.politico.com/news/2020/04/24/trump-coronavirus-model-207582
https://www.politico.com/news/2020/04/24/trump-coronavirus-model-207582
https://www.washingtonpost.com/politics/34-days-of-pandemic-inside-trumps-desperate-attempts-to-reopen-america/2020/05/02/e99911f4-8b54-11ea-9dfd-990f9dcc71fc_story.html
https://www.washingtonpost.com/politics/34-days-of-pandemic-inside-trumps-desperate-attempts-to-reopen-america/2020/05/02/e99911f4-8b54-11ea-9dfd-990f9dcc71fc_story.html
https://doi.org/10.1073/pnas.2012704118


www.manaraa.com

15 N. Ferguson et al., “Impact of non-pharmaceutical interventions (NPIs) to reduce COVID19 mortality and healthcare demand” (Imperial College COVID-19
Response Team, 2020).

16 N. G. Davies, A. J. Kucharski, R. M. Eggo, A. Gimma, W. J. Edmunds; Centre for the Mathematical Modelling of Infectious Diseases COVID-19 working group,
Effects of non-pharmaceutical interventions on COVID-19 cases, deaths, and demand for hospital services in the UK: A modelling study. Lancet Public Health 5,
e375–e385 (2020).

17 I. Holmdahl, C. Buckee, Wrong but useful–What Covid-19 epidemiologic models can and cannot tell us. N. Engl. J. Med. 383, 303–305 (2020).
18 M. R. Keogh-Brown, H. T. Jensen, W. J. Edmunds, R. D. Smith, The impact of Covid-19, associated behaviours and policies on the UK economy: A computable

general equilibrium model. SSM Popul. Health 100651 (2020).
19 M. S. Eichenbaum, S. Rebelo, M. Trabandt, The macroeconomics of epidemics. National Bureau of Economic Research [Preprint] (2020). http://doi.org/10.3386/

w26882 (Accessed 9 April 2020).
20 V. Guerrieri, G. Lorenzoni, L. Straub, I. Werning, Macroeconomic implications of COVID-19: Can negative supply shocks cause demand shortages? National

Bureau of Economic Research [Preprint] (2020). http://doi.org/10.3386/w26918 (Accessed 15 April 2020).
21 F. E. Alvarez, D. Argente, F. Lippi, A simple planning problem for COVID-19 lockdown, testing, and tracing. Am. Econ. Rev. Insights, in press.
22 L. Thunström, S. C. Newbold, D. Finnoff, M. Ashworth, J. F. Shogren, The benefits and costs of using social distancing to flatten the curve for COVID-19. J. Benefit

Cost Anal. 11, 1–27 (2020).
23 J. Hellewell et al.; Centre for the Mathematical Modelling of Infectious Diseases COVID-19 Working Group, Feasibility of controlling COVID-19 outbreaks by

isolation of cases and contacts. Lancet Glob. Health 8, e488–e496 (2020).
24 R. Li et al., Substantial undocumented infection facilitates the rapid dissemination of novel coronavirus (SARS-CoV-2). Science 368, 489–493 (2020).
25 L. P. Hansen, Nobel lecture: Uncertainty outside and inside economic models. J. Polit. Econ. 122, 945–987 (2014).
26 M. Marinacci, Model uncertainty. J. Eur. Econ. Assoc. 13, 1022–1100 (2015).
27 L. P. Hansen, M. Marinacci, Ambiguity aversion and model misspecification: An economic perspective. Stat. Sci. 31, 511–515 (2016).
28 I. Aydogan, L. Berger, V. Bosetti, N. Liu, Three layers of uncertainty and the role of model misspecification. https://hal.archives-ouvertes.fr/hal-03031751/

document. Accessed 30 November 2020.
29 S.-L. Li et al., Essential information: Uncertainty and optimal control of Ebola outbreaks. Proc. Natl. Acad. Sci. U.S.A. 114, 5659–5664 (2017).
30 I. Gilboa, A. Postlewaite, L. Samuelson, D. Schmeidler, What are axiomatizations good for? Theory Decis. 86, 339–359 (2019).
31 I. Gilboa, L. Samuelson, What were you thinking?: Revealed preference theory as coherence test. https://econ.tau.ac.il/sites/economy.tau.ac.il/files/media_

server/Economics/foerder/papers/Papers%202020/4-2020%20%20What%20Were%20You%20Thinking.pdf. Accessed 20 April 2020.
32 I. Gilboa, M. Rouziou, O. Sibony, Decision theory made relevant: Between the software and the shrink. Res. Econ. 72, 240–250 (2018).
33 P. Cairney, R. Kwiatkowski, How to communicate effectively with policymakers: Combine insights from psychology and policy studies. Palgrave Commun. 3, 37

(2017).
34 I. Gilboa, A. W. Postlewaite, D. Schmeidler, Probability and uncertainty in economic modeling. J. Econ. Perspect. 22, 173–188 (2008).
35 I. Gilboa, A. Postlewaite, D. Schmeidler, Is it always rational to satisfy Savage’s axioms? Econ. Philos. 25, 285–296 (2009).
36 I. Gilboa, A. Postlewaite, D. Schmeidler, Rationality of belief or: Why savage’s axioms are neither necessary nor sufficient for rationality. Synthese 187, 11–31

(2012).
37 I. Gilboa, M. Marinacci, “Ambiguity and the Bayesian paradigm” in Advances in Economics and Econometrics: TenthWorld Congress, Volume I: Economic Theory,

D. Acemoglu, M. Arellano, E. Dekel, Eds. (Cambridge University Press, New York, 2013), pp. 179–242.
38 L. J. Savage, The theory of statistical decision. J. Am. Stat. Assoc. 46, 55–67 (1951).
39 R. D. Smith, Is regret theory an alternative basis for estimating the value of healthcare interventions? Health Policy 37, 105–115 (1996).
40 C. F. Manski, Patient Care under Uncertainty (Princeton University Press, 2019).
41 I. Gilboa, A. Postlewaite, L. Samuelson, D. Schmeidler, Economics: Between prediction and criticism. Int. Econ. Rev. 59, 367–390 (2018).
42 C. F. Manski, Communicating uncertainty in policy analysis. Proc. Natl. Acad. Sci. U.S.A. 116, 7634–7641 (2019).
43 World Health Organization, WHO Guide for Standardization of Economic Evaluations of Immunization Programmes (World Health Organization, 2019).
44 D. Spiegelhalter, M. Pearson, I. Short, Visualizing uncertainty about the future. Science 333, 1393–1400 (2011).
45 V. Bosetti et al., COP21 climate negotiators’ responses to climate model forecasts. Nat. Clim. Chang. 7, 185–190 (2017).
46 A. M. van der Bles et al., Communicating uncertainty about facts, numbers and science. R. Soc. Open Sci. 6, 181870 (2019).
47 M. D. Mastrandrea et al., “Guidance note for lead authors of the IPCC fifth assessment report on consistent treatment of uncertainties” (IPCC, 2010).
48 C. Rivers et al., Using “outbreak science” to strengthen the use of models during epidemics. Nat. Commun. 10, 3102 (2019).
49 World Health Organization, Communicating Risk in Public Health Emergencies: A WHO Guideline for Emergency Risk Communication (ERC) Policy and Practice

(World Health Organization, 2017).
50 D. Aikman et al., Uncertainty in macroeconomic policy-making: Art or science? Philos. Trans. Royal Soc. Math. Phys. Eng. Sci. 369, 4798–4817 (2011).
51 S. T. Fiske, C. Dupree, Gaining trust as well as respect in communicating to motivated audiences about science topics. Proc. Natl. Acad. Sci. U.S.A. 111 (suppl. 4),

13593–13597 (2014).
52 United Nations Educational Scientific and Cultural Organization, “COVID-19 educational disruption and response” (UNESCO, 2020).
53 R. M. Viner et al., School closure and management practices during coronavirus outbreaks including COVID-19: A rapid systematic review. Lancet Child Adolesc.

Health 4, 397–404 (2020).
54 J. Bayham, E. P. Fenichel, Impact of school closures for COVID-19 on the US health-care workforce and net mortality: A modelling study. Lancet Public Health 5,

e271–e278 (2020).
55 S. K. Brooks et al., The impact of unplanned school closure on children’s social contact: Rapid evidence review. Euro Surveill. 25, 2000188 (2020).
56 M. Z. Sadique, E. J. Adams, W. J. Edmunds, Estimating the costs of school closure for mitigating an influenza pandemic. BMC Public Health 8, 135 (2008).
57 M. R. Keogh-Brown, R. D. Smith, J. W. Edmunds, P. Beutels, The macroeconomic impact of pandemic influenza: Estimates from models of the United Kingdom,

France, Belgium and The Netherlands. Eur. J. Health Econ. 11, 543–554 (2010).
58 H. Lempel, J. M. Epstein, R. A. Hammond, Economic cost and health care workforce effects of school closures in the U.S. PLoS Curr. 1, RRN1051 (2009).
59 C. Jackson, P. Mangtani, E. Vynnycky, “Impact of school closures on an influenza pandemic: Scientific evidence base review” (Public Health England, London,

2014).
60 G. W. Wong, A. M. Li, P. C. Ng, T. F. Fok, Severe acute respiratory syndrome in children. Pediatr. Pulmonol. 36, 261–266 (2003).
61 K. Prem et al.; Centre for the Mathematical Modelling of Infectious Diseases COVID-19 Working Group, The effect of control strategies to reduce social mixing on

outcomes of the COVID-19 epidemic in Wuhan, China: A modelling study. Lancet Public Health 5, e261–e270 (2020).
62 L. Berger, V. Bosetti, Are policymakers ambiguity averse? Econ. J. (Lond.) 130, 331–355 (2020).
63 L. J. Savage, The Foundations of Statistics (Wiley, 1954), vol. J.
64 S. Cerreia-Vioglio, F. Maccheroni, M. Marinacci, L. Montrucchio, Classical subjective expected utility. Proc. Natl. Acad. Sci. U.S.A. 110, 6754–6759 (2013).
65 P. Klibanoff, M. Marinacci, S. Mukerji, A smooth model of decision making under ambiguity. Econometrica 73, 1849–1892 (2005).
66 A. Wald, Statistical Decision Functions (John Wiley & Sons, 1950).
67 L. Hurwicz, Some specification problems and applications to econometric models. Econometrica 19, 343–344 (1951).
68 I. Gilboa, D. Schmeidler, Maxmin expected utility with a non-unique prior. J. Math. Econ. 18, 141–154 (1989).
69 P. Ghirardato, F. Maccheroni, M. Marinacci, Differentiating ambiguity and ambiguity attitude. J. Econ. Theory 118, 133–173 (2004).

Berger et al. PNAS | 7 of 7
Rational policymaking during a pandemic https://doi.org/10.1073/pnas.2012704118

D
ow

nl
oa

de
d 

at
 P

al
es

tin
ia

n 
T

er
rit

or
y,

 o
cc

up
ie

d 
on

 N
ov

em
be

r 
30

, 2
02

1 

http://doi.org/10.3386/w26882
http://doi.org/10.3386/w26882
http://doi.org/10.3386/w26918
https://hal.archives-ouvertes.fr/hal-03031751/document
https://hal.archives-ouvertes.fr/hal-03031751/document
https://econ.tau.ac.il/sites/economy.tau.ac.il/files/media_server/Economics/foerder/papers/Papers%202020/4-2020%20%20What%20Were%20You%20Thinking.pdf
https://econ.tau.ac.il/sites/economy.tau.ac.il/files/media_server/Economics/foerder/papers/Papers%202020/4-2020%20%20What%20Were%20You%20Thinking.pdf
https://doi.org/10.1073/pnas.2012704118

