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Epidemiological Dynamics
in the Economic Analysis of Pandemics

1 Introduction

Since March 2020 there has been a rapidly expanding research effort dedicated
to COVID19 analysis across disciplines, inter alia, in Economics. The aim of this
paper is to place the modelling of COVID19 disease dynamics in Economics on
the foundations of a sound analysis of the epidemiological dynamics of the dis-
ease. It points out the errors in prevalent modelling and proposes a construc-
tive alternative. The analysis is important for understanding the implications
of lockdown policies, both for health outcomes and for economic outcomes.

One strand in the literature sets up a planner problem, seeking to derive
optimal policy. The latter trades off the costs of public health outcomes, such
as breach of ICU capacity and death, with the economic costs of suppression
policy, including declines in production. Another strand models the decen-
tralized economy and the optimal decisions of agents, emphasizing individual
epidemic-related behavior, as well as externalities. In both cases the dynamics
of the disease and its features are at the core of the analysis.

As there is by now a burgeoning literature, some obvious questions arise
as to the need for such analysis and its long-term relevance. We address these
questions at the outset.

First, why is this analysis needed, given the advanced state of the literature?
It turns out that a significant part of the Economics literature, including papers
published in top journals, uses models of epidemiological dynamics, which: (i)
are at odds with the epidemiological evidence; (ii) fail to make the distinction
between two dynamic aspects of the disease: the epidemiological, in particular,
the timing and average duration of the infectiousness period; and the clinical,
namely durations till symptoms onset, hospitalization, and death; (iii) assigns
wrong values to key parameters of disease dynamics, while omitting other, im-
portant parameters. Consequently, there is often misleading characterization of
a relatively slow-moving disease. We stress that the specification errors in ques-
tion bear no relation to assumptions about individual behavioral responses.
They lie in a different dimension, that of understanding fundamental disease
properties.

Second, how relevant is this modelling going forward? The current paper
points economic researchers at the correct way to model the underlying dynam-
ics of the disease and its main insights should be useful for other epidemics
beyond COVID19. There are two issues here: one is the emergence of new vari-
ants of SARS COV-2, which are already evident. The second, is that new viral
pandemics or epidemics may well emerge. Note, in this context, that the set of
epidemics since 1980 is quite large and includes, inter alia, HIV/AIDS, SARS,
H5N1, Ebola, H7N9, H1N1, Dengue fever, and Zika. We delineate below the
specific risks for the future, which can be subject to the same kind of analysis
and to similar adverse consequences of misspecification.
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The paper makes the following contributions.
One is to delineate the errors in prevalent modelling and propose a con-

structive alternative. We show that the prevalent modelling mixes between two
distinct aspects of COVID19 – the process of virus transmission and that of the
clinical development of the disease. The proposed alternative model makes the
necessary distinction between these two processes. It consists of two separate
blocks: an infection transmission block, where the number of new cases is deter-
mined, and a clinical block, which characterizes the development of symptoms
and the detailed progression of cases through the public health system. The
model thus captures both the transmission timescale of the disease and the rich
dynamics of key policy-relevant variables, such as the number of people who
are able to work and the burden on the public health system. We characterize
each block based on epidemiological and clinical evidence. We compare the
prevalent specification and the suggested alternative in terms of the speed of
the disease. We find that the former characterizes a disease that is substantially
slower than actual COVID19, and is inconsistent with the data on fatalities. The
distinction between the two dynamic models is novel in the Economics litera-
ture and accurate from the epidemiological perspective. It results in a simple
and transparent structure. In particular, the clinical block is important for ad-
dressing policy questions, such as key ones concerning the public health sys-
tem.

The second, related, contribution is to demonstrate the importance of ade-
quate epidemiological modelling, especially of disease timescales, within Eco-
nomics. Why should economists care about a model of disease dynamics? This
is important for the attempt to derive an optimal intervention plan. Getting the
speed of the disease wrong implies getting the timing of interventions wrong, in
a situation where timing is crucial. For example, in NYC, imposing lockdown a
week too late resulted in a five-fold increase of the epidemic, with over 750, 000
people infected on the last week of March 2020. Issuing a stay-at-home order
on March 15th, 2020 or earlier, could have saved thousands of lives.1The crit-
ical role played by the timing of the interventions during COVID19 has been
recently analyzed in Amuedo-Dorantes, Kaushal, and Muchow (2021), using
U.S. county-level data from the first wave of lockdowns in 2020. They find sig-
nificant value for adopting Non Pharmaceutical Interventions (NPIs) early on
in the pandemic, when advancing interventions by one day can result in a death
toll reduction of almost 2 percent.

Using a social planner problem, we illustrate the substantial implications
of adopting different model specifications. We embed in this problem the eco-
nomic effects of the pandemic and the roles of individual behavior and policy
intervention in affecting disease transmission. By erroneously characterizing

1Stadlbauer et al (2021), report that on March 29, 2020, the cumulative infection rate was 2.2%
and a week later, it was 10.1%. Seroprevalence tests require two weeks to detect the disease.
This, then, implies that if a stay-at-home order were issued a week before March 22, the actual
time of the policy decision, disease spread could have been significantly suppressed. The death
toll would have been reduced by 6,000 lives, based on the assumption of an infection fatality rate
of 0.8%.
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a relatively slow-moving and moderate disease, the prevalent specification en-
genders dramatically higher death tolls relative to the correct benchmark.

We proceed as follows. Section 2 introduces modelling issues, treats the
question as to why this modelling is needed, addresses the possibility of epi-
demics beyond the original COVID19 outbreak, and discusses issues which we
do not address. Section 3 briefly presents the parts of the epidemiological and
economics literatures relevant to the current discussion. Section 4 discusses epi-
demiological models, both a widely used model and the model we propose for
use in Economics. Subsequently, three sections examine empirical implications.
Section 5 discusses the epidemiological dynamics implied by each model. Sec-
tion 6 examines the empirical fit of the models. Using the case of New York City,
we show that the widely-used specification is unable to reproduce the dynam-
ics of the disease observed in the data, while the epidemiologically-grounded
alternative model can replicate the data well. Section 7 analyses the policy im-
plications of the different models. To this end, we embed the prevalent and the
proposed models in a simple planner problem and derive optimal lockdown
timing. Section 8 concludes.

2 Prefacing the Analysis: Key Issues

We discuss key issues with epidemiological dynamics models in Economics in
sub-section 2.1. We then discuss the need for this modelling, including future
needs, in sub-section 2.2. Subsequently, in sub-section 2.3, we address the role
of behavioral responses to the epidemic and explain how we treat them. In sub-
section 2.4 we explicitly delineate the issues we are not addressing and explain
the reasons for the omission.

2.1 The Use of Epidemiological Dynamics Models in Economics

The essential logic of our analysis is to show that for the economic analysis
of pandemics we need a tractable model of epidemiological dynamics. To be
useful to policymakers, the ensuing analysis has to be empirically reasonable
and sufficiently simple to guide policy. In reviewing the literature we found
that a prevalent approach does not accord with the evidence. This approach
essentially describes a disease which evolves relatively slowly, comparing to
real world data on disease dynamics.

One argument made in this context is that epidemiological parameter val-
ues are highly uncertain. In Economics, parameter values are often debated and
sensitivity analysis performed when the true value of the parameter in question
is unknown (e.g., the coefficient of risk aversion in the utility function or bar-
gaining power in labor market settings). But the case of modelling epidemic
dynamics is different in two respects.

First, some basic disease properties, though not all, biological quantities,
such as the speed of the disease, become the focus of epidemiological research
as soon as the epidemic starts to unfold. The magnitudes of these parameters
become known in the professional literature quite quickly and with reasonable
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precision, as is evident from epidemiological studies for the case of COVID19.
In particular, two distinct disease properties, the duration of the infectiousness
period and the duration of illness till death/recovery have been known soon
after the outbreak of COVID 19. These two durations are very different from
each other and the distinction between them is important. This lies at the focal
point of our analysis.

Second, one of the main outcomes we are interested in when analyzing pol-
icy during the epidemic is the death toll. The latter is extremely sensitive to
seemingly innocuous assumptions about disease dynamics, as we shall demon-
strate. Due to the important nature of this outcome, inaccurate specifications
may bias policy and lead to high death tolls. These cannot be taken as legiti-
mate variations on correctly specified models.

As prevalent specifications in Economics do not make the distinctions out-
lined above and dramatically distort the speed of the disease, we delineate a
model of the dynamics in question which allows for the empirically reasonable
and sufficiently simple analysis for which we have argued. In particular, as
elaborated below, it encompasses a very short infectiousness period but a rela-
tively long period of hospitalization and death. These distinct durations have
clear implications for any public health policy. The very short infectiousness
period works to make for rapid transmission; the long hospitalization duration
imposes a burden on the public health system. We discuss the ensuing implica-
tions in detail.

2.2 Variants and Future Pandemics

Looking forward, the COVID19 pandemic in its initial form is unlikely to be the
last one.

First, four variants of SARS COV-2 were designated as variants of concern
by the WHO between December 2020 and May 2021 – B.1.1.7 (Alpha), B.1.351
(Beta), P1 (Gamma) and B1.617.2 (Delta).2 Four additional variants are cur-
rently designated by WHO as variants of interest, and thirteen variants as ‘alerts
for further monitoring.’ These developments are not surprising and entail the
risk of further outbreaks, possibly involving modified epidemiological dynam-
ics.

Second, part of the March 15, 2021 issue of Nature Medicine is devoted to
discussing future threats. Key forecasted threats include the following (see May
(2021) in that issue and references therein; Meganck and Baric (2021) discuss
specific threats (see pages 402-403)):

(i) The US Centers for Disease Control and Prevention lists seven coron-
aviruses that can infect humans and overall there are hundreds of coronaviruses.
Some of these are much more deadly than SARS-CoV-2. For example, MERS,
while not easily transmitted between people, has an infection fatality rate of
35%;

2See https://www.who.int/en/activities/tracking-SARS-CoV-2-variants/
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(ii) Influenza viral infections, which have caused deadly outbreaks in the
past, most notably, the 1918–1919 influenza pandemic which has killed an es-
timated 50 million people, and the 1957–1958 influenza pandemic, which has
killed about 1 million;

(iii) Other zoonotic threats, such as viral haemorrhagic fevers like Ebola,
Marburg, Lassa fever, and yellow fever. Some of these infections are far more
deadly than infection with SARS-CoV-2. On average, the Ebola virus kills about
half of the people it infects, and some outbreaks killed 90% of the people in-
fected. Over than a decade ago, scientists reported that more than 70% of new
pathogens come from animals.

The June 2021 report of a high level G20 panel3states

“We are in an age of pandemics. COVID-19 has painfully re-
minded us of what SARS, Ebola, MERS and H1N1 had made clear,
and which scientists have repeatedly warned of: without greatly
strengthened proactive strategies, global health threats will emerge
more often, spread more rapidly, take more lives, disrupt more liveli-
hoods, and impact the world more greatly than before. Together
with climate change, countering the existential threat of deadly and
costly pandemics must be the human security issue of our times.
There is every likelihood that the next pandemic will come within
a decade — arising from a novel influenza strain, another coron-
avirus, or one of several other dangerous pathogens. Its impact
on human health and the global economy could be even more pro-
found than that of COVID-19. The world is nowhere near the end
of the COVID-19 pandemic.”

Our proposed model is suited for the analysis of such future pandemics or
epidemics. At the heart of the model are key parameters which values can be
determined quite quickly and relatively accurately, as we explain below.

2.3 Behavioral Responses to the Epidemic

A key issue in the economic analysis of epidemics is the behavioral response of
individuals. This issue was explored long before COVID19; prominent exam-
ples include Geoffard and Philipson (1996), Fenichel et al (2011), and Fenichel
(2013) and the surveys by Philipson (2000) and Verelst, Lander, and Beutels
(2016). In an important pre-COVID contribution, Greenwood, Kircher, Santos,
and Tertilt (2019) explore a rational search model in the presence of HIV. They
find that the efficacy of public policy depends upon the induced behavioral
changes and equilibrium effects.

This literature recognizes rational behavior by individuals and optimiza-
tion with respect to health risks leading to social distancing. Such behavior

3See the report of the High Level Independent Panel on Financing the Global Commons for
Pandemic Preparedness and Response at https://pandemic-financing.org/report/foreword/
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interacts with policy and affects the social planner. The recent COVID19 liter-
ature has devoted much attention to such considerations. For example, Yan et
al (2021) show how behavioral responses have worked in practice in the U.S. in
the course of COVID19. Atkeson (2021b) and Atkeson, Kopecky, and Zha (2021)
explore the empirical implications of such responses for epidemic dynamics in
the U.S. and in a number of countries around the world. Cronin and Evans
(2021) examine the impact of state and local COVID19 policies in the U.S. to
encourage social distancing. Policies include state of emergency declarations,
general restrictions such as stay-at-home orders, and targeted rules such as re-
strictions on bars, restaurants, entertainment venues, and schools. Exploiting
variation in the timing of policies in difference-in-difference models, they show
that much of the decline in foot traffic early in the pandemic was due to private
precautionary behavior.

How does this important issue come into play in the current paper? We note
two points.

First, our focus is on epidemiological dynamics, which are related to the
duration of infectiousness and the duration till death. These have little to do
with behavioral responses or policy.

Second, the key parameter in the epidemiological dynamics related to be-
havioral responses, the reproduction parameter, is discussed at length below.
When coming to examine the model empirically, we use data on daily deaths to
estimate its dynamic path. Hence we take an agnostic approach as to the exact
mechanism whereby policy intervention and behavioral responses combine to
produce the observed reproduction parameter. We do not impose exogenous
calibration in this context. We do so, as there are many specifications of such
behavioral responses. For the questions examined here, the exact specification
is immaterial, as long as the postulated path of the reproduction parameter is
empirically justified.

2.4 Issues Not Addressed

In light of our stated aim to provide for a tractable model of epidemiological
dynamics, which is empirically reasonable and sufficiently simple to guide pol-
icy, we wish not to obscure the basic message. Thus, we state up-front the issues
we do not engage with in the current paper. While these issues are valid and
important, we explain why we do not delve into them here.

(i) Modelling of population heterogeneity (see, for example, Ellison (2020)
and Glover, Heathcote, Krueger, and Rios-Rull (2020)), immunity duration, and
diverse issues with respect to vaccination. The reasons for this omission are
as follows: first, in our modelling framework we only include the minimal
elements necessary to illustrate and convey the main point, namely, that epi-
demiological model misspecifications distort optimal interventions. Second,
the misspecification we discuss distorts the speed of the disease at any level
of aggregation. Third, the omitted issues entail quantitative effects which are
smaller than the effects of the misspecification discussed here. Most of these are
best treated in later stages of the epidemic. We emphasize that the misspecifica-
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tion of the basic epidemiological model entail grave results already in the early
stages of the epidemic.

(ii) More complex models of the economy, such as multiple sectors or dy-
namic stochastic general equilibrium models. These models are not explicitly
discussed in the current paper because the aim is to primarily address disease
dynamics. If the speed of the disease is incorrect, complex economic modelling
will not alleviate the resulting problems.

Moreover, it can be noted for the above two points, the biological properties
of the SARS-COV-2 virus are effectively invariant.

(iii) More complicated planner models, such as the analysis of lockdown
policy stringency and commitment. These are bound to offer a menu of more
complex policy plans, but would still need to pertain to underlying disease
dynamics. If the latter are erroneous, the more complicated optimal plans are
bound to be wrong as well.

3 Literature

This paper relates to two literatures.
One is the part of the Epidemiology literature, which has modelled epi-

demic dynamics using a compartmental approach. The approach was pio-
neered by the seminal work of Kermack and McKendrick (1927). The ensu-
ing family of models identifies epidemiological states and considers the flow
rates between compartments containing individuals in each disease state. In
this paper we explore two specifications of such modelling. For reviews of this
approach and its underlying rationale, see Champredon, Dushoff, and Earn
(2018). Within this strand, pandemic or epidemic management policy is a key
topic of study. Prominent examples of such studies, pre-COVID19, include
Mills, Robins, and Lipsitch (2004) and Wallinga, van Boven, and Lipsitch (2010).

The other is the Economics literature on COVID19. Avery et al (2020) discuss
its connections with the afore-cited Epidemiology literature. Reviews are of-
fered by Atkeson (2021a) and Brodeur, Gray, Islam, and Bhuiyan (2021). Many
papers have been making use of epidemiological models and are thus subject
to the current analysis. These include models in Macroeconomics, International
Economics, Health Economics, Public Economics, and Labor Economics.

Within this expanding literature, we briefly mention key papers which have
examined optimal lockdown policy using the concept of a social planner. They
study health-related losses due to the pandemic and the economic consequences
of public health policy. In this framework an objective function is defined, with
values taking into account economic losses and the value of statistical life. Thus,
tradeoffs are measured and alternative policies can be evaluated. The plan-
ner constraints include, inter alia, disease dynamics. Prominent contributions
include Abel and Panageas (2021), Acemoglu, Chernozhukov, Werning, and
Whinston (2021), Alvarez, Argente, and Lippi (2021), Farboodi, Jarosch, and
Shimer (2021), and Jones, Philippon, and Venkateswaran (2021). Depending on
the exact formulation, we show below how erroneous assumptions might lead
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to work with misspecified models, with substantial consequences for policy.
The speed of disease dynamics is at the center of misspecification.

4 Modelling the Epidemic

This section presents two models of epidemic dynamics. We first present a
specification, which is prevalent in the afore-cited Economics literature (sub-
section 4.1). We then present our preferred specification, which relies on up-
to-date epidemiological evidence (sub-section 4.2). We devote special attention
to the reproduction parameter (sub-section 4.3 ) and connect these models to
economic analysis (sub-section 4.4).

4.1 A Widely-Used Specification

We proceed by presenting a widely-used specification, which we denote the
SIR-18 model, and its calibration. Before contacting the disease for the first time,
a person is Susceptible (S). Once a person gets infected, disease progression is
split into distinct compartments – Infectious (I), and Resolved (R). We denote
by β(t) the infections transmission rate, and by γ the transition rate from I to R.
Once people move to the Resolved stage, they no longer participate in disease
transmission. The following equations are used.

Ṡ(t) = −β(t) · I(t) · S(t) (1)
İ(t) = β(t) · I(t) · S(t)− γI(t) (2)

Ṙ(t) = γI(t) (3)

Whenever numbers of deceased and recovered are needed the following
equations are used:

Ḋ(t) = µṘ(t) (4)
Ċ(t) = (1− µ) Ṙ(t) (5)

where D is deceased, C is recovered and µ is the infection fatality rate.
A prevalent calibration (e.g., Alvarez et al (2021)) is given by:

1/γ = 18 =⇒ γ = 1/18

Why this number? In a very early (February 2020) study of COVID19 this
number was postulated in Wang et al (2020, page 6) based on a combination of
different numbers from several concurrent studies of the properties of COVID19.
Some very first analyses of COVID19 in Economics emerged around the same
time. For example, the early prominent paper by Atkeson (2020), that intro-
duced the SIR model to economists, based its parameterization on the Wang et
al (2020) study. Regrettably, the calibration of Wang et al. (2020) was flawed
because it was erroneously assuming that the person is infectious as long as
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he or she is symptomatic and is in the hospital, so that 18 days emerged as
the sum of the average duration from disease onset to diagnosis and the aver-
age duration of hospitalization. However, very soon thereafter epidemiologi-
cal studies began to appear, focusing on the COVID19 transmission timescales
and estimating the average duration of the infectiousness period. As early as
April and May 2020, there was mounting evidence that the infectiousness pe-
riod of COVID19 is relatively short on average, around 4-5 days (see He (2020)
in Nature Medicine, and Li (2020) and Tian (2020) in Science). Note that this ev-
idence refers to biological processes within a person, determining how long she
infects others. However, the number 18 days for the duration of the infectious-
ness period, based mostly on clinical rather than on biological/epidemiological
evidence, stuck around in Economics and is continued to be used in some Eco-
nomics papers. Notably, after the very first seminal study mentioned above,
Atkeson and his co-authors have not used this number in their calibration of
the infectiousness period. Hence the 18 days calibration of the infectiousness
period confounds two distinct concepts, the average duration of the disease
(hospitalization) and the average duration of the Infectious (I) stage, and has
major repercussions for the analysis of the disease in Economics.

4.2 The Preferred Model

As a viable alternative, we analyze the dynamics of the epidemic within two
complementary blocks – infection transmission and clinical progression.

The former block, reflecting the epidemiological properties of COVID19, is
the SIR-7 model, derived from a more elaborate epidemiological model, which
we outline in online Appendix A.

The latter, the clinical block, characterizes the development of symptoms,
hospitalization, ICU admission, and recovery or death, and is needed to de-
scribe the dynamics in the public health system. This structure is novel and
proves extremely useful, as in COVID19 the infectiousness period and the clin-
ical progression of the disease follow different timescales, demonstrated below.
Separating them makes the model rich, yet simple and transparent, ensuring
that each parameter has a clear empirical counterpart in the data. Moreover,
the shortcomings of the prevalent specification presented in sub-section 4.1 are
rooted in the inability of these models to capture both infection transmission
and clinical properties of COVID19 using a single set of parameters.

4.2.1 The Infection Transmission Block

This model is also a SIR model (see equations (1) - (3)), but the calibration is
different from SIR-18: we set γ = 1/7 in equation (3). Therefore we denote
this specification SIR-7. The SIR-7 model takes into account the fact that the
average time from infection until a person is no longer infectious is relatively
short, though it takes much longer till one recovers or dies, as elaborated in
the clinical block discussed below. There are two foundations for our SIR-7
specification.
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First, on average, the person is no longer infectious after 7 days since infec-
tion. This number (7 days) is based on the studies that have appeared early on
in the COVID19 pandemic and were published in Science; see Tian et al (2020)
and Li et al (2020). These studies were co-written by university researchers from
China (Tsinghua, Hong Kong, and others), from the U.S. (Harvard, Princeton,
Columbia, Penn State, UC Davis, and NIH), and from the U.K. (Imperial, Ox-
ford, and Southampton). Their findings were also confirmed by studies on
infector-infectee pairs; see He et al. (2020) and Ma et al. (2020). Moreover, a
number of papers (Tindale et al (2020), Kong et al (2020), and Ren (2021)) high-
light the fact that a significant part of disease transmission happens before the
onset of symptoms. We thus use γ = 1/7 in equation (3) and denote the model
SIR-7.

Second, we demonstrate in online Appendix A that the SIR− 7 model dy-
namics approximates the dynamics of a more accurate and epidemiological
model with a latent period4 if and only if 1/γ = 7.

Note, too, that now equations (4) and (5) for Ḋ(t) and for Ċ(t) are formu-
lated differently, within the clinical block, to which we turn now.

4.2.2 The Clinical Block

The clinical block describes the clinical progression of the disease and the pro-
gression of new cases through the healthcare system, depending on the devel-
opment and severity of symptoms. We postulate the following. Once infected,
a person enters an incubation period, a P state, during which there are no
symptoms, lasting for 1/θP on average. Following it, a person either remains
asymptomatic (O) or develops symptoms (M). Denote the share of asymp-
tomatic cases by η. The others (1− η ) develop symptoms, and with probability
ξ are hospitalized (H). A given share π of patients become critically ill (denoted
X), i.e., develop conditions requiring transition to ICU. At any stage, a person
may recover (C).

The analytical description of the symptomatic branch is:

Ṗ(t) = β(t) · (I1(t) + I2(t)) · S(t)− θP · P(t) (6)
Ṁ(t) = (1− η) · θP · P(t)− θM ·M(t) (7)
Ḣ(t) = ξ · θM ·M(t)− θH · H(t) (8)
Ẋ(t) = π · θH · H(t)− θX · X(t) (9)
Ḋ(t) = δ(X(t)) · θX · X(t) (10)

The parameters θP, θM, θH, and θX relate to the average time that passes be-
tween the stages of infection, symptoms onset, hospitalization, ICU admission,
and death, respectively.

4This is the period from infection till the time when the person starts spreading the disease to
others.
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Following the literature (see, for example, Kaplan, Moll and Violante (2020)
and Brotherhood, Kircher, Santos, and Tertilt (2021)), we specify the death prob-
ability in this critical state X as:

δ(X(t), X) = δ1 + δ2 ·
I(X(t) > X) ·

(
X(t)− X

)
X(t)

(11)

where X denotes ICU capacity and I is the indicator function. The reasoning
is as follows. When there is no breach of ICU capacity, the death probability
is given by δ1. Whenever there is an overflow, I(X(t) > X) = 1, the death
probability increases with the risk that a patient will not be provided ICU care
when needed. The underlying assumption is that the allocation to ICU is ran-
dom among all patients in need of it, so the risk to be left out of ICU (for a given
patient) is given by X(t)−X

X(t) . At the limit, the death probability δ(X(t) � X, X)
is given by δ1 + δ2.

In Table 1 we present the relevant values for the clinical block, where we
rely on sources in the epidemiological and medical literatures published in Sci-
ence, the Lancet, and JAMA, as detailed in the table’s notes. Our preferred
value for the average duration till death, which is given by 1

θP
+ 1

θM
+ 1

θH
+ 1

θX
,

is 19.5 days,5which is not very different from the value of 18 days discussed in
sub-section 4.1 above. There we showed that it led to a confounding with the
calibration of γ discussed here.

Table 1

The implied Infection Fatality Rate (IFR) is given by IFR = ξ · π · η · δ1. Es-
timates of the Imperial College COVID19 Response Team (2020) and the meta-
analysis findings of Meyerowitz-Katz and Merone (2020) put IFR at 0.8%.6Using
this number and the numbers for ξ, π, and η in Table 1, we derive δ1 = 0.5. We
then calibrate δ2 = 0.5 to capture the fact that, with extreme loads on the public
health system, the probability to die increases to 1 for each patient in need of an
ICU bed (see the reasoning in sub-section 4.2.2 above). Finally, in the U.S. econ-
omy, ICU capacity is X = 1. 8× 10−4, based on an estimate of approximately
58, 100 ICU beds by the Harvard Global Health Institute.7

Note that a given person moves through the two blocks simultaneously.
They relate to two timescales, the infectiousness profile and the clinical pro-
gression, which develop in parallel. Each of the blocks characterizes different

5See CDC estimates at https://www.cdc.gov/coronavirus/2019-ncov/hcp/planning-
scenarios.html#definitions Table 2.

6These authors state: “Based on a systematic review and meta-analysis of published evidence
on COVID-19 until July 2020, the IFR of the disease across populations is 0.68% (0.53%–0.82%).
However, due to very high heterogeneity in the meta-analysis, it is difficult to know if this repre-
sents a completely unbiased point estimate. It is likely that, due to age and perhaps underlying
comorbidities in the population, different places will experience different IFRs due to the disease.
Given issues with mortality recording, it is also likely that this represents an underestimate of
the true IFR figure.”

7See https://globalepidemics.org/our-data/hospital-capacity/
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properties of an infection case: one identifies whether a given person is infec-
tious and the other identifies the severity of the disease (whether one needs
hospitalization, for example). Thus, a person might be infectious (stage I of the
infection transmission block) and at the same time still show no symptoms, i.e.,
be in stage P, the incubation period, of the clinical block. Similarly, a person
may no longer be infectious (stage R of the infection transmission block) but
still be hospitalized (stage H of the clinical block).

Figure 1 provides graphical illustrations of the dynamics of the two blocks
and a comparison of the models.

Figure 1

4.3 The Reproduction Parameter

An important parameter is the reproduction number Rt, which is the average
number of people infected by a person, and is given by:

Rt =
β(t)

γ
(12)

Note that the infection transmission rate β(t) may be pinned down by a
given value ofRt and the length of the infectious stage, 1/γ.

We note that we shall use Rt for the reproduction number at date t and
denote the basic reproduction number byR0 at the initial stage, when S(0) = 1.
We shall also be discussing the effective reproduction number, defined as:

Re = S(t)Rt (13)

The path assumed for the reproduction parameter merits discussion. We
model a time-varying parameter, Rt, reflecting both rational individual behav-
ior and the effects of suppression policy (see sub-section 2.3 above). We take
into account that individuals adjust to the new environment and behave differ-
ently, both with and without policy interventions. In particular, as the epidemic
unfolds, people become increasingly aware of the risks and adjust their behav-
ior. This adjustment is manifested in avoiding or reducing social contact and
taking precautions, such as wearing masks. These changes happen in part as
a direct result of government Non-Pharmaceutical Interventions (NPIs) and in
part as a voluntary response. It is a rational choice to adopt new norms of be-
havior, even when restrictions by the government are weakened or removed.
As a result, the speed of disease transmission declines relative to its value at the
start of the epidemic. Specifically, when we discuss policy interventions below,
the rate Rt will depend on the regime – either lockdown, to be denoted RL,
or out of lockdown, work, to be denoted RW . In Section 7 we elaborate on the
empirically-based parameterization ofR0,RL andRW .

An important point resulting from this analysis is the following. In what
follows we discuss the value of γ that should be used. This γ value reflects
purely biological-epidemiological processes, which determine how long a per-
son infects others. Hence it is not subject to discussions and debates. This is
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distinctly different from the transmission parameter β(t), which is determined
by many factors, epidemiological as well as economic, behavioral and policy
as well as the biological properties of the virus. By equation (12), we note that
the reproduction parameter is determined by both sets of these distinct factors.
Because it depends on β(t) it is the subject of debates.

4.4 The Connection to Economic Analysis

We posit that the number of people who can work daily, N(t), is given by:

N(t) = NSS · ρ · (1− D(t)− X(t)− H(t)− φM(t)) (14)

where NSS is steady state employment, 0 < ρ ≤ 1 is the fraction able to work
given any policy restrictions, and 0 ≤ φ ≤ 1 is the fraction of people with
symptoms who do not work. As in Glover, Heathcote, Krueger, and Rios-Rull
(2020), we assume that anyone who has any symptoms self-isolates and does
not work (φ = 1).

5 Disease Dynamics

We now turn to discuss the dynamics of the epidemic that are implied by the
models. The following discussion of model dynamics does not depend on a
specific data set. It uses simulation, relying on the epidemiological parame-
ters discussed for each model in Figure 1 and elaborated in Table 1, and the
initial value of the reproduction parameter, R0, at 2.50, which is a widespread
estimate and fits U.S. data.8 Note that this analysis focuses on the basic, un-
mitigated properties of the disease as implied by the different specifications. In
contrast, in real world data, one observes a disease, which is subject to suppres-
sion measures and individual behavioral responses. The latter case is discussed
in the next sections.

Figure 2 illustrates the development of the disease, as measured by the stock
of infectious people (panel a) and the critically ill (panel b), under the two
models. The SIR-7 model is shown by the red line; the SIR-18 model by the
black line (dashed). Table 2 presents the numerical values of the parameters
and indicators which describe the dynamics. The comparison is done within the
two-block structure, where the infection transmission block is described either
by the SIR-7 or by the SIR-18 specification, while the clinical block specification
stays the same. This is the relevant comparison to make, since (i) the speed of
the disease and its transmission in the population are governed solely by the
specification of the infection transmission block, and (ii) in order to compare
the predicted burden on the public health system across models, one needs to
spell out the clinical block for both specifications.9

Figure 2 and Table 2

8See the more detailed discussion in sub-section 7.1.2 below.
9We adhere to this method of comparison throughout the paper.
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The key difference between the models lies in the implied transmission rate
β(t), as seen in Table 2. Specification SIR-18 assumes a long infectious period
( 1

γ ) and has to posit a low transmission rate β(t) in order to match the particular
value of R0 used, while SIR-7 assumes the epidemiologically-grounded short
infectious period and therefore posits a relatively high β(t) (see equation (12)).

We draw from Figure 2 and Table 2 the following key lessons.
a. The disease in the widely-used SIR-18 model is much slower than in the SIR-

7 model. A specification with a very long infectious period , as in the SIR-18
model, implies a much lower transmission rate β(t) and therefore much slower
disease progression. It implies a growth rate of 8% and a doubling time of 8.3
days. As a result, the epidemic is spread out in time and it takes almost 330
days for it to die out. By contrast, the correctly-specified SIR-7 model implies
much faster dynamics. The epidemic starts aggressively with growth rates of
21%, and cases rise very fast, doubling every 3.2 days. The scale of the disease
at peak is similar in both specifications, but the peak arrives almost 2 months
earlier in SIR-7 than in SIR-18. The epidemic also dies off quickly under SIR-7;
the entire episode ends almost three times as fast as under the SIR-18 model
specification.

b. Substantially delayed pressure on ICU capacity in SIR-18. Panel b of Figure
2 shows that with a slow moving disease, implied by the long infectious pe-
riod of the widely-used SIR-18 model, ICU capacity is breached on day 82, and
peak demand exceeds capacity by a factor of 7, whereas in the epidemiological-
grounded SIR-7 model it is breached much earlier, on day 37, and peak demand
exceeds capacity by a factor of 14.

c. Implications for initial conditions. Under equal initial conditions, it takes
much more time for the epidemic to gain pace under the SIR-18 model than
under SIR-7, as described in point a. above. One can try to ‘circumvent’ this
problem by assuming a higher initial seed of the infection. Panel c of Figure 2
compares the SIR-7 model with initial seed of 10−4 and the SIR-18 model with
initial seed of 10−2. It shows that assuming a higher initial seed places SIR-18
on a relatively similar timescale as SIR-7 in terms of the timing of the peak.
However, assuming a seed of 1% of the population implies, in terms of the
U.S. economy, that the epidemic has started when over 3.3 million people were
infected. This is a highly implausible assumption, given actual data on the path
of known cases and on deaths.

Summing up the discussion thus far, the SIR-18 specification that is quite
prevalent in the Economics literature on COVID19, is based on the erroneous
idea of an equivalence between the infectiousness period and the duration of
the disease till death. More broadly, the lack of distinction between the infection
generation and the clinical aspects of the disease lies at the heart of the SIR-
18 misspecification. By targeting two separate timescales with one parameter
(γ), SIR-18 generates severe distortions of implied disease dynamics. In the
next section, we demonstrate that disease dynamics implied by SIR-18 are also
implausible empirically.10

10One way of making SIR a more reasonable model in terms of disease dynamic is the spec-
ification called SIRD. It adds transitions from the Resolved stage to the states of Death and
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6 Empirical Fit

We use data on COVID19 deaths in NYC to examine the SIR-7 and SIR-18 mod-
els empirical fit, or lack thereof. We chose NYC as the epidemic there reached a
very significant scale. Moreover, this is a case where both data, that we use, and
empirical studies of the disease, that we cite, are readily available. At the heart
of the analysis is the derivation of estimates of two values for the reproduction
numberRt – one during the early outbreak (denoted byR0) and the other dur-
ing lockdown (denoted byRL). We explain the method of derivation, calibrate
the model, present the ensuing estimates, and discuss model-data fit.11

6.1 Derivation of Reproduction Parameter Estimates

At the stage of the initial exponential growth of the disease, it can be shown
that there is a relation between the rate of exponential growth λ and the repro-
duction numberR0.

For the case of the SIR model, the following relation obtains (see equation
3.1 in Wallinga and Lipsitch (2007)):

R0 = 1+
λ

γ
(15)

Note the important role played here by the parameter γ.
After the initial R0, we use the effective reproduction number Re, as dis-

cussed around equation 13.
For our empirical exercise, we use data on daily deaths in NYC.12 It covers

236 days, from the first death in mid March 2020 to the end of October 2020,
and is the sum of confirmed and probable deaths from COVID19. The death
count is smoothed using a 7-day centered moving average.

The following data-fitting exercise is undertaken. First we estimate the dis-
ease exponential growth or decline rate, λ, based on the periods of initial erup-

Recovery. This addition allows for the modelling of γ = 1
7 rather than 1

18 , thereby making
the model approximate true disease dynamics. Its simplicity engenders, however, a number of
drawbacks: one is that the disease develops somewhat faster at the beginning and has a lower
peak relative to the full model discussed in online Appenidx A. More importantly, it excludes
analysis of important, policy-relevant variables, such as the scale of symptomatic illness, hospi-
talization rates, and the number of people in need of ICU. The latter, in particular, is necessary in
order to model the probability of death as a function of the public health burden. Analysis of the
clinical aspects of the disease, beyond simplistic survival functions, requires separation between
the epidemiological and clinical blocks, as suggested in sub-section 4.2 above.

11The approach of this section is different from the one used in the preceding section. Here we
deriveRt from daily death data for NYC. The values used below, though, are close to those used
in the preceding analysis.

12Source is in data page
https://www1.nyc.gov/site/doh/covid/covid-19-data.page
and the data set is to be found at
https://github.com/nychealth/coronavirus-data/blob/master/archive/probable-

confirmed-dod.csv
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tion and subsequent contraction using the smoothed death series. For both
these periods, we run a Poisson (log-linear) regression to estimate λ:

log (daily death count) = const+ λt (16)

Second, based on the estimated λ values we derive the corresponding val-
ues ofR0 andRL in each model using equation (15) for the initial outbreak and
lockdown periods, respectively. Note that the value of γ, which problematics
were discussed in sub-section 4.1 for the SIR-18 model, affects the value of R0
through equation (15). In particular, if γ is low, thenR0 is bound to be high for
a given value of λ taken from the data.

Third, we try to fit the entire death series by minimizing the squared devia-
tions of the simulated series of daily deaths from the corresponding data series,
refining our derived values ofR0 and RL from the first step.13 Within this pro-
cedure, we need to derive a value also forRW , one that captures disease growth
after the initial (and harshest) measures have been removed. In particular, we
solve the following minimization problem:

min
T0,T1,R0,RW ,RL,τ0

∫ tend

t=0
(D (t)− Dactual (t− τ0))

2 dt (17)

where Dactual is the data death series and D(t) is the death series predicted by
the model; τ0 is the time needed to adjust the death series to model dynamics,
given the duration from infection to death; lockdown is imposed between T0
and T1, such that:

R =


R0 t ≤ T0
RL T0 < t ≤ T1
RW T1 < t

Note that ourR0,RL, andRW are aggregate parameters reflecting the result
of interactions among susceptible and infectious individuals during various ac-
tivities (in the workplace, within households, outside homes, in hospitals, etc.).
For the detailed modelling of infection transmission across different environ-
ments see, for example, Glover, Heathcote, Krueger, and Rios-Rull (2020) and
Brotherhood, Kircher, Santos, and Tertilt (2021).

6.2 Data Estimates and Model-Data Fit

Table 3 presents the resulting estimates for the λs (the exponential growth and
decline rates) and the corresponding estimated values ofR0 andRL derived in
the second step above.

Table 3
13Recall that we have defined, in sub-section ??, two regimes – lockdown RL and out of lock-

down, workRW , reflecing changes in behavior relative toR0.
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Some of the problems with the SIR-18 model are apparent in Table 3. Under
exponential growth, one obtains the implausibly high estimate of R0 = 4.60,
which does not conform most estimates in the literature. In the exponential
decline phase, the decline is too steep to be matched by the SIR-18 model; there
is no positiveRL that can account for the observed exponential decline in fatal-
ities during lockdown, so there is no RL value that can be derived.14 In other
words, the case of NYC shows that the widely-used SIR-18 specification cannot
reproduce the observed decline in fatalities.

The findings of Table 3 can be summed up as follows.
The exponential growth rate λ is estimated between March 14 and April 2 to

be 0.20 . Under SIR-7, these values correspond to R0 = 2.4 , and, under SIR-18,
to the substantially higher and implausible value ofR0 = 4.60.

The exponential decline rate λ is estimated between April 12 and May 5 to be
−0.059. At the beginning of exponential decline, around April 12th, we postu-
late that 15% of the population is already infected,15and thus RL = Re/0.85.
Under SIR-7, these λ values correspond to RL = 0.69. As noted, such a decline
is too steep to be matched by the SIR-18 model.

Next, as explained above, looking at the entire series of fatalities in NYC
from mid March to the end of October 2020, we refine our parameterization of
R0 and RL, and obtain a value for RW .16 Minimizing the distance between the
data and the fatalities series implied by the SIR-7 model, now we getR0 = 2.70
at the outbreak, before March 23, and RL = 0.70 during lockdown, lasting till
April 20.17

Panel a of Figure 3 plots the daily death flow (both the raw data and the
smoothed series).

Figure 3

In the period after lockdown, our procedure identifies a reproduction para-
meter (RW) which is lower than the initial value (R0) and higher than the lock-
down value (RL), i.e.,RW = 1.10. At the release of lockdown, time T1 (see panel
a in Figure 3), around 20% of the population had been infected, so S(T1) = 0.80.
This value of RW = 1.10 generates an effective Re = 0.80 ∗ RW = 0.88 leading
to a gradual decline of the daily death series, as seen in the figure.

Panel b of Figure 3 shows an excellent fit of the resulting simulated series to
the data series (correlation of 0.999). Thus, the correctly-specified SIR-7 model

14Algebraically, use the relationR = 1+ λ
γ to see that

R > 0 i f f λ
γ > −1 or −λ < γ. Hence in the decline phase with λ < 0, when −λ > γ

there is no positive RL to explain the dynamics. We get λ = −0.059 by estimation, and so
−λ = 0.059 > γ = 1

18 = 0.056.
15Based on the seroprevalence tests findings of Stadlbauer et al. (2021) and seroconversion

timescales reported in Kai-Wang To et al. (2020), the infection rates in NYC as of April 12, 2020
were at least 15%. Additionally, our postulated assumptions are later confirmed by the simula-
tion results (reported below).

16We keep using the ICU capacity constraint for the U.S., as in Table 1. The same source gives a
somewhat higher capacity for NYC alone, but we prefer to take the more conservative estimate.
In any event, both estimates produce very similar results.

17Stay-at-home orders went into effect on March 22, 2020. The policy lasted until May 15, 2020
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fits NYC fatality data extremely well. The SIR-18 specification fails to do so in
a fundamental way: first, it requires using the unrealistically high value of 4.60
for the reproduction parameter in the disease growth phase. Second, there is
no positive value of the reproduction parameter in the decline phase under this
specification. Hence this model does not produce a simulated dynamic path
because its time-scales are unable to generate a path conforming to the data.

The key take away point is that in NYC data, the prevalent SIR-18 specifi-
cation runs into essential problems when trying to reproduce observed disease
dynamics, while the SIR-7 model fits these data dynamics well.

7 Erroneous Modelling: Implications for Optimal Policy

A key aim of this paper is to show the implications of the modelling of the
disease for policy responses and to highlight how erroneous modelling is costly.
To do so, we use an optimizing planner model of the kind used in the papers
cited in Section 3. We simulate optimal policy undertaken when the planner
uses each of the two models discussed above, but actual disease dynamics are
given by the afore-cited SIR-7 model. We set up a planner model and calibrate it
(7.1); we then explain the simulation methodology (7.2) and present the results
(7.3).

7.1 The Planner Model and Its Calibration

7.1.1 The Planner Problem

The planner minimizes the following loss function:

min V
T0,T1

=

TV∫
t=0

e−rt
(

YSS

NSS (N
ss − N (t)) + χYSSḊ (t)

)
dt+ RD(TV) + RY(TV)

(18)
The loss function includes two terms. One is lost steady state output per worker
YSS

NSS , due to a decline in employment N(t) relative to steady state Nss; equa-
tion (14) provides the connection between employment and the epidemiolog-
ical states. Essentially, employment declines because of lockdown measures
(expressed by the parameter ρ) and because people fall ill or die. The second
term is the value of lost life. This is a function of the flow of fatalities Ḋ (t)
translated into lost output terms using the value of statistical life (through the
parameter χ). This flow is affected by the breach of ICU, modelled in equation
(11) above. To work within a realistic but simple set-up, we let the planner de-
cide on when to start (T0) and stop (T1) a full lockdown. We abstract from more
complex considerations, such as those analyzed in Hamermesh (2020) relating
lockdown to life satisfaction, or the consequences of lockdown for time alloca-
tion to market work and household production (for example, along the lines of
Rupert, Rogerson, and Wright (2000) and Burda and Hamermesh (2010)).
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The loss function is minimized in PDV terms (r is the discount rate), where
at finite point TV a vaccine is found and the pool of susceptibles drops to zero,
so that the disease stops growing.18After time TV , there is a residual death toll
RD(TV) and residual output loss RY(TV), which accompany the decline of the
epidemic.

This problem is solved twice. Once the planner uses the SIR-18 model and
(18) is solved subject to equations 1-12 and 14, when γ = 1/18. In a second
simulation, the planner uses the SIR-7 model and (18) is solved again under the
same equations with γ = 1/7 . Note that in both cases, after the planner sets
T0, T1 , the computation of outcomes (such as V and D) uses disease dynamics
given by the afore-cited SIR-7 specification and R is set according to equations
19–20 below.

We deliberately consider a simple planner problem with only two control
variables T0 and T1 and a binary intervention type, either full lockdown or full
release. This is done to illuminate the basic intuition of the policy distortions
that arise due to the mis-specification of epidemiological dynamics. With more
sophisticated tools, such as a variable lockdown or lockdown of selected pop-
ulation groups, planner outcomes would by definition be better under any epi-
demiological model. However, the costs of misspecification will persist. Any
intervention, even the most sophisticated one, has a start and end date. The
planner, facing a trade-off between fatalities and output losses, will get these
dates wrong when perceiving the disease as slow-moving. We show examples
in an analysis of a much richer planner problem in Bar-On, Baron, Cornfeld,
and Yashiv (2021), where the costs of mis-specification remain high.

7.1.2 Calibration

For the clinical block, we use the parameterization of Table 1. For the values
of the time-varying Rt under different policy regimes – see the discussion in
sub-section 4.2 above – we use data estimates for the U.S. as follows.19

i) Initial level. We set

R0 = 2.50 (19)

We get the value of 2.50 in equation (19) by using the methodology of Fernandez-
Villaverde and Jones (2020), adapted to our model, and U.S. daily death flow
data taken from Johns Hopkins University CSSE (2020). This yields estimates of
R0 values of 2.67 on March 17, 2020 and 2.48 on March 18, 2020. This is the re-
production number during the initial phase of the epidemic, before significant
lockdowns were imposed in the U.S.

ii) Subsequent values. To reflect the fact that over the course of the initial
outbreak and following it, individuals change their modes of behavior and eco-

18We make the assumption of TV = 540 given the progress actually made in 2020 and the
start of vaccination in December 2020. In terms of the model, TV refers to the time of sufficient
vaccination, so an ex-ante expected 540 days seems reasonable.

19Note that in Section 6 we have derived estimates of the reproduction parameter using data
for NYC only.
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nomic activity, including compliance with lockdowns, we allow the reproduc-
tion number in subsequent periods to be lower than the initial R0. As noted
above, we posit that there is a value of Rt during times of lockdown, to be de-
noted RL, and another value at other times, denoted RW . Both are lower than
R0 to take into account the fact that individuals have adjusted to the new envi-
ronment and are taking more precautions. When lockdowns are in place, policy
and individual responses together engenderRL < RW .

For their calibration, we rely on two sets of estimates.
First, Karin et al (2020) review the literature and estimate values forRL and

RW .20 These relate to developed countries with a population density of over
100 people per square km. The estimates indicate a value of 1.50 for RW as the
upper bound; the estimates for RL range from 0.6 to 0.9 with a value of 0.80 as
the estimate for NYC, the only U.S. location examined.

Second, we use the U.S. estimates of Fernandez-Villaverde and Jones (2020)
for the biggest 15 states in the U.S., covering 65% of the U.S. population21 We
look at the minimal and maximal values of the estimated Rt series from April
1, 2020 till September 30, 2020. According to the Oxford Stringency Index this
period covers lockdowns and release in all of the states, at different points in
time. These Rt values are indicative of RL and RW : RL cannot be lower than
the minimal data value, andRW cannot be higher than the maximal data value.
The median (average) minimal value across the 15 states is 0.68 (0.61) and the
median (average) maximal value across the 15 states is 1.42 (1.49).

Given these two sets of estimates we posit values that are conservative, in
the sense thatRL andRW are calibrated at relatively high values:

Rt =

{
1.50 RW , work
0.80 RL, lockdown

}
(20)

(iii) Dynamics of the reproduction parameter. To capture the gradual nature
of learning and adjustment of individual behavior, we posit that a certain mini-
mal time should pass under lockdown before the reproduction number declines
from its initial value R0 to RW . To calibrate the path at this time span, we look
at two sources..

a. Using the Fernandez-Villaverde and Jones (2020) methodology applied to
our model, we get that it takes 11 days to get fromRt = 2.55 toRt = 1.52. This
decline started in mid-March, when lockdowns only began to unfold. Thus, we
interpret this decline mainly as the rational adjustment of behavior.

b. We use Imperial College COVID-19 Response Team (2020) estimates Rt
for U.S. states since the start of the epidemic. We focus on the initial decline
of Rt when suppression measures have been undertaken across the US and
assume a log-linear decay function22

20The full details of their analysis, including references and the code, are found at:
www.github.com/milo-lab/

21Due to insuffiicent estimates, we exclude the state of New Jersey. As noted above, these
authors inferRt from daily death flow data taken from Johns Hopkins University CSSE (2020).

22Out of the fifty states and DC, six were not included in this analysis (AK, HI, MT, ND, SD,
WY) because their initial values of the reproduction number were already below unity at the
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lnR(Ts
1) = lnR(Ts

0)− α̂
log−linear
s · (Ts

1 − Ts
0) (21)

Thus:

α̂log−linear =

45

∑
1

α
log−linear
s

S
(22)

We obtain two alternative estimates for the average speed α̂log−linear of aRt
decline, depending on the definition of the decline in period Ts

0 to Ts
1 :

a. The speed α̂log−linear = 0.027 per day was obtained when Ts
0 = the day of

the first Rt observation in the state, and Ts
1 = end of the decline (i.e., the point

whereRt is not statistically different from 1 at 5%). It thus takes ln(2.5)−ln(1.5)
0.027 =

19.2 days to get from 2.50 to 1.50.
b. The speed α̂log−linear = 0.065 per day was obtained when Ts

0 = the day
the highestRt observed in the state; Ts

1 as in (a). It takes ln(2.5)−ln(1.5)
0.065 = 7.9 days

to get from 2.50 to 1.50.
The decay time of Rt is 11 days based on Fernandez-Villaverde and Jones

(2020) national death data, or 8 or 19 days based on the state-level data, Imperial
model estimates. Again, we adopt a conservative calibration and assume that
14 days must pass beforeRt declines from 2.50 to 1.50.

Referring to the U.S. economy, as we do throughout, we use ρ = 0.65 for the
fraction of workers able to work in a lockdown, consistent with the values used
in Kaplan, Moll, and Violante (2020),23 and χ = 85.7 for the value of lost life.24

7.2 Simulation Methodology

To analyze the costs of basing policy on a mis-specified model, we proceed as
follows. We assume that the disease always behaves according to the epidemi-
ologically based SIR-7 model of sub-section ?? above. But the planner uses one
of the two models discussed above, i.e., the correct one or the erroneous one,
when deriving the optimal intervention timings T0 and T1. In particular, we use
either the SIR-7 or the SIR-18 specification of the infection transmission block,
while keeping the clinical block unchanged, as we did above. For each model,
we simulate optimal policy while the disease in fact behaves according to SIR-7,
and record ensuing deaths and ICU breaches.

start of the epidemic.
23This value is reinforced by the findings in Dingel and Neiman (2020) about remote work. We

set φ = 1.
24We compute the value of life as follows:

χ =
expected years remaining · value of statistical life

Y
POP

=
14 ∗ 400, 000

65, 351
= 85.7

using the high end of the estimates discussed in Hall, Jones, and Klenow (2020).
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To derive an optimal policy under each epidemiological model, we use a
numerical solver in Mathematica (NDSolve, see Abell and Braselton (2016)).
We find the values of control variables (T0, T1) that minimize the cost function
in (18) by conducting an exhaustive search of the control variables space. First,
this is done using a hierarchical search on a coarse grid of integer values such
that 0 ≤ T0 ≤ T1 ≤ 540 and T0 and T1 are multiples of 8. For each combination
of T0 and T1 we solve the continuous time system of ODE describing the stocks
dynamics in each model, according to the calibration described above. Initial
infection is a seed of 0.01% of the population (100 people per million), while the
susceptibles (S(t)) form the rest of the pool. The clinical block is initialized to 0
at t = 0.

Using the solution of the ODE system – a set of interpolated functions de-
scribing stocks dynamics – we are able to evaluate the planner’s objective (18),
which is a function of these stocks (through death D(t) and employment N(t)).
To find the global minimum of the objective function (18), we maintain a set of
the best possible minima, spanning the control variables space. We then recur-
sively refine the grid, until the desired granularity of 1 day is reached for both
T0 and T1.

7.3 Results

For each model, we present both the planned outcome and the realized outcome
obtained by applying the policy to the actual disease. This exercise illustrates
the price of deriving policy based on erroneous assumptions. Figure 4 and Table
4 report the results.

Figure 4 and Table 4

We see that the optimal timing using the SIR-7 model of the actual disease,
is to lock on day 30 for 61 days. This epidemiologically-correct timing implies
two waves of the epidemic, whereby deaths are minimized. This is so as the
planner accurately spreads the burden on ICU so that capacity is breached in
the first wave and fully utilized in the second (see the black solid lines in panels
a and b of Figure 4).

Optimal timing is very different when the planner assumes a slowly moving
disease using the SIR-18 model with γ = 1/18. Looking at the top row of Table
4, one sees that the planner locks immediately for only 14 days, the minimal
time necessary to bring RW down to 1.50. The planner mistakenly builds on
a slow-moving disease that will not massively breach ICU capacity and not
cause many deaths (see planned dynamics shown in the dashed lines of panel a
of Figure 4). The cost of further lockdown exceeds the value of lives lost due to
the burden on the health system (assumed mistakenly to be small). However,
in reality, the disease is much faster as shown above, and it erupts immediately
after release, breaching ICU capacity by a factor of 4 and increasing the death
toll by 70% relative to the epidemiologically-correct policy. The costs of loss
of output are of course low due to the very short lockdown, but total planner
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costs are 50% higher than under the epidemiologically-relevant strategy, due to
a much higher death toll.

Note that it is useful to put the fatalities numbers given in Table 4 in per-
spective. One comparison is to the real world. U.S. death numbers are currently
(mid September 2021) over 670, 000 people or 2074 per million. This real world
number is 48% of the SIR-7 model scenario here. The difference arises because
the model is computed over two years, while the real world numbers pertain
to about 18 months, and because U.S. policymakers have imposed longer lock-
downs than the planner, having access to wider policy choices.

Another comparison is to the papers which model a SIR-18 based planner.
These present very high numbers of deaths, typically ranging from 1% to 2% of
the U.S. population, namely 3.2 to 6.4 million fatalities after two years. These
numbers are 5 to 10 times higher than the current real world numbers. The SIR-
18 number in the simulation of Table 4 is 7, 251 per million, which translates
to a little over 2.4 million fatalities, or 1.3 to 2.7 times lower than the numbers
appearing in these papers.

8 Conclusions

The modelling of epidemic dynamics is of crucial importance for economic
analysis. Seemingly innocuous modelling choices have direct consequences for
the implied speed of the disease, which in turn impacts optimal policy plan-
ning. The outcomes analyzed in Economics research on COVID19 usually in-
clude death tolls and GDP loss. If the epidemic is deemed slower and less
severe than it really is, the consequences are higher death tolls relative to the
case where the policymaker bases interventions on the correct epidemiological
model.

In companion work (Bar-On, Baron, Cornfeld, and Yashiv (2021)), we use
the full epidemiologically-grounded model (presented here in online Appendix
A) to analyze an optimal planner model. Exploring the stringency of lockdown
policies and its timing, the emerging optimal policy is quite different from the
one proposed thus far in the Economics literature, and is shown to improve on
real-world outcomes.
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