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1 Introduction

The initial response of most governments to the COVID-19 epidemic was to implement
simple containment or lockdown measures that don’t condition on people’s health status.
These policies imply a sharp, negative tradeoff between the level of economic activity and
the health consequences of an epidemic (see, for example, Alvarez, Argente, and Lippi (2020)
and Eichenbaum, Rebelo and Trabandt (2020)).

In this paper, we show that smart containment policies combining testing and quaranti-
ning infected people dramatically improve the tradeoff between economic activity and health
outcomes. Our results provide strong support for policies like those advocated by Romer
and Garber (2020), Romer (2020), Holtemdller (2020), and Piguillem and Shi (2020).

There are two reasons to engage in testing. The first reason is to obtain better estimates
of how many people have been exposed to the virus and refine estimates of key parameters
in epidemiology models. The second reason is to reduce transmission rates by quarantining
infected people. We focus on the second reason because testing alone does not resolve a key
market failure associated with epidemics: people do not internalize the health externality as-
sociated with their economic activities. Quarantining people who test positively for infection
corrects this externality in a way that minimizes damage to the economy as a whole.

Much of the existing economics literature on epidemics assumes that people know their
current health status.! Two interesting exceptions are Brotherhood, Kircher, Santos and
Tertilt (2020) and Farboodi, Jarosch, and Shimer (2020), discussed in our literature review.
To the extent that individual’s health status is public information, there is no role for testing.
In reality, most people don’t know their actual health status. Accordingly, we develop a
macroeconomic model of epidemics embodying this fact.

The economics literature also assumes that people who are exposed to the virus and
recover acquire permanent immunity. The World Health Organization (2020) cautions that
there is no hard evidence to support this assumption. For this reason, we consider two ver-
sions of the model, corresponding to whether people do or don’t acquire permanent immu-
nity after surviving an infection.? Both versions of the model embody a two-way interaction

between economic activity and the dynamics of an epidemic. On the one hand, a fall in eco-

!See, for example, Eichenbaum, Rebelo, and Trabandt (2020), Alvarez, Argente, and Lippi (2020), Jones,
Philippon, and Venkateswaran (2020), and Glover, Heathcote, Krueger, and Rios-Rull (2020).

2The effects of temporary immunity have been studied in standard SIR models, see, for example, Gomes,
White, and Medley (2004) and Kyrychko, and Blyuss (2005).



nomic activity results in fewer social interactions that reduce infection rates. On the other
hand, an epidemic causes a fall in economic activity as people try to reduce the chances of
becoming infected.

We assume that the government has access to tests for assessing the health status of
individuals. To simplify our analysis, we suppose that these tests are perfectly accurate
and reveal whether a person is susceptible to infection, infected or has recovered from an
infection.> We consider a “smart containment” policy in which the government tests an
additional o percent of the population each period.

Our model allows us to study the impact of testing with and without quarantines. We
show that testing without quarantines can worsen the economic and health repercussions of
an epidemic. The reason for this seemingly paradoxical result is as follows. People who are
unsure about their health status are likely to reduce their economic activity to lower the
risk of becoming infected. But if they get tested and find they are infected, they will reduce
their economic activity by less. The reason is simple-they can’t be hurt by further exposure
to the virus. With more infected people shopping and working, social interactions become
more risky for non-infected people who respond by cutting back on their economic activity.
In our model, the net result is a deeper recession and more deaths.

The results of testing are very different when combined with a quarantine policy. Suppose
that people who test positive for infection are not allowed to work or go shopping but receive
consumption goods from the government in a way that bypasses social interactions. We refer
to this policy as “smart containment.” According to our model, this policy generates very
large social gains.

Smart containment dramatically changes the tradeoff between economic activity and
health outcomes. Preventing infected people from working and shopping has two effects.
First, other things equal, it reduces the amount of infections induced by economic activity.
Second, it reduces infection risk relative to the competitive equilibrium. So, compared to
that equilibrium, it leads to more hours worked and consumption by two groups of people:
those who are uncertain about their health status and those who know they are susceptible
to infection.

We initially consider a calibrated version of our model in which people who survive an

3There are two types of tests for SARS-CoV-2, the virus that causes COVID-19: reverse transcriptase
polymerase chain reaction (RT-PCR) tests and serological or blood tests. RT-PCR detect whether a person
is currently infected with the virus. Serological tests determine whether a person has been exposed to the
virus.



infection acquire permanent immunity. In that model, the benefits of smart containment rise
sharply as « increases from zero. When « equals 2 percent, the impact of smart containment
is very large. For the U.S., it would save roughly a quarter-of-million lives relative to the
competitive equilibrium without smart containment. This benefit, in conjunction with a
smaller epidemic-induced recession, translates into a present value of roughly 1.7 trillion U.S.
dollars. The marginal benefit of increasing o beyond 0.06 is relatively small. In addition,
we find that the benefits of smart containment are disproportionately larger the earlier the
policy is introduced.

Ferguson et al. (2006) argue that a substantial fraction of virus transmissions do not
occur as a result of economic activity. This observation suggests that there are large gains
from preventing infected people from engaging in all social interactions, not just those re-
lated to economic activity. We refer to such a policy as “strict containment.” According
to our model the benefits of strict containment are substantially larger than those of smart
containment. Relative to the competitive equilibrium, strict containment saves half a million
lives, generating a present value of benefits equal to 3.7 trillion U.S. dollars. We understand,
of course, that strict containment would be very difficult to implement in practice. So we
view these results as providing an upper bound on the benefits of strict containment.

We also consider a calibrated version of our model where people who survive an infection
acquire only temporary immunity against the virus. Absent government intervention the
economy experiences waves of infections that dampen over time. These waves greatly increase
the death toll of the epidemic. Over a ten-year period the cumulative death toll is more than
double in the economy with reinfections compared to the economy without reinfections. The
waves of infection are accompanied by recurrent declines in economic activity. So, departing
from the standard assumption that recovery from an infection results in permanent immunity
implies much larger health and economic consequences from an epidemic. We show that the
benefits of both smart and strict containment are correspondingly much larger than in an
economy where recovery from an infection is permanent.

Viewed as a whole, our results strongly support the idea that society should invest in the
infrastructure required to engage in continuous testing of the population and quarantining
infected people. The costs of implementing this strategy would, no doubt, be large. But the
benefits from this investment, both in terms of lives saved and output not lost, are likely to
dwarf the costs.

Our paper is organized as follows. In Section 2, we describe an economy in which people



are uncertain about their health status. In Section 3, we study the impact of testing alone,
smart containment and strict containment. In Section 4, we present our quantitative results.
In Sections 3 and 4, we assume that people who recover from an infection acquire permanent
immunity to the virus. Section 5 contains a version of the model in which these people
acquire only temporary immunity. We review the macroeconomic literature related to our
work in Section 6. Section 7 provides some conclusions.

2 Economy with no testing

2.1 The pre-infection economy

The economy is populated by a continuum of ex-ante identical people with measure one.

Prior to the start of the epidemic, people are identical and maximize the objective function:
o0
U= Zﬁtu(ct,nt).
t=0

Here 5 € (0,1) denotes the discount factor and ¢; and n; denote consumption and hours

worked, respectively. For simplicity, we assume that momentary utility takes the form
u(cy,ng) =Iney — 571?
The budget constraint of the representative person is:
¢ = Wy (1)

Here, w; denotes the real wage rate.

The first-order condition for the representative-person’s problem is:
On, = c; L.

There is a continuum of competitive representative firms of unit measure that produce con-

sumption goods (C}) using hours worked (V;) according to the technology:
Cy = AN;.
The firm chooses hours worked to maximize its time-t profits 11;:
I, = AN; — w; N;.

In equilibrium, n; = N; and ¢; = C}.



2.2 The outbreak of an epidemic

As in FEichenbaum, Rebelo, and Trabandt (2020), we work with a modified version of the
Kermack and McKendrick (1927) model in which people’s health status is influenced by their
economics decisions. Much of the new economic literature on epidemics assumes that people
know their health status. In this paper, we assume that individuals do not know their true
health status.

The population consists of four groups: susceptible (people who have not yet been exposed
to the disease), infected (people who contracted the disease), recovered (people who survived
the disease and acquired immunity), and deceased (people who died from the disease). The
fractions of people in these four groups are denoted by Sy, I;, R; and D,, respectively. People
don’t know which group they belong to. The only information that they have is that they are
alive, a state that we denote by a;. People’s time-t subjective probabilities about whether
they are susceptible, infected or recovered are given by p(s|a;), p(is|a;), p(r¢|a:), respectively

In every period, a fraction 7, of infected people recover and a fraction 74 die. We assume
that w4 is time varying to allow for the possibility that the efficacy of the healthcare system
deteriorates when a substantial fraction of the population becomes infected. A simple way to
model this scenario is to assume that the mortality rate depends on the number of infected
people, I;:

Mg = Tg + /i[f. (2)

This functional form implies that the mortality rate is a convex function of the fraction of
the population that becomes infected.

The timing of events within each period is as follows. Social interactions, including
consumption- and work-related activities, happen in the beginning of the period. Then,
changes in health status unrelated to social interactions (recovery or death of infected people)
occur. Finally, the consequences of social interactions materialize and some susceptible
people become infected.

At time zero, a fraction ¢ of the population becomes infected:
IOZE, 50:1—8.

This information is public and is used by people to form their time-zero health-status sub-

jective probabilities:

p(50|a0) =1-g¢ p(io|ao) =g, p(r0|a0) = 0.
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People meet in one of three ways: purchasing consumption goods, working, and engaging in
non-economic activities. Meetings occur randomly in all social interactions.
The representative person’s subjective probability that the virus is transmitted to him

or her is

Ty = T1Ct (-[tCt) + Tt (ItNt) + 7T3-[t' (3)

The term, m ¢, (I;Cy), reflects transmissions that result from consumption-related interac-
tions, where [;C} is the aggregate consumption of infected people. The parameter 7, reflects
both the amount of time spent shopping and the probability that the virus is transmitted as
a result of that activity. The term man, (I;)V;) reflects transmissions that result from work-
related interactions, where I; NV, is aggregate hours worked by infected people. The parameter
7o reflects the probability that the virus is transmitted as a result of work interactions. The
term msl; reflects transmissions that result from non-economic interactions.

Infected or recovered people are unaffected if the virus is transmitted to them. Only
susceptible people can become infected by the virus. The representative person’s subjective

probability of becoming infected is:
Tip(selar) + Tep(ic]ar) X 0+ 7¢p(rela;) x 0.

The subjective probability of being infected at time ¢ + 1, conditional on being alive at time
t, is

Plieilar) = Tep(selar) + (1 — mp — mar)p(ic]ar). (4)
Here, (1 — 7, — w4 )p(i¢|a;) is the subjective probability that a person who is infected at time
t survives until time ¢+ 1 but does not recover. In addition, 7;p(s:|a;) is the subjective prob-
ability of being susceptible at time ¢ and becoming infected at time ¢t + 1. The representative
person’s subjective probability of being susceptible at time ¢ + 1 conditional on being alive
at time ¢ is

p(seri]ar) = (1 — 7¢)p(se|ar). (5)

The subjective probability of being recovered at time ¢ 4 1, conditional on being alive at
time ¢ is

p(regilar) = p(riag) + mp(iclag). (6)

Using the following conditions

p(5t+1|at)

p(set1las) = m’

6



pliry1]ar)
1— Wdtp(it’at),

p(resila)
1- Wdtp(it‘at)7

pligg1]a) =

P(Teg1]a) =

we can rewrite equations (4), (5), and (6) as

pligs1|artr) [1 — map(ic]ar)] = Tip(silar) + (1 — 7 — ma)p(ie]ar), (7)
p(sey1fasia) [1 — marp(ic]ar)] = p(sefas) (1 — 74), (8)
p(resilacin) [U— map(iclar)] = p(relar) + mop(iclar). (9)

2.3 The problem of the representative person

Since everybody has the same subjective probabilities about their health status, everyone
chooses the same level of consumption (¢;) and hours worked (n;). The lifetime utility of the

representative person at time ¢, Uy, is given by
o0
Uy = Z B pasyjlag)u (cerg i)
j=0

where p(a.+j]a;) is the probability of being alive at time ¢ 4 j given that the person is alive

at time t. We can rewrite U; as

U = u(c, ng) +B8 [1 — maep(iz]ar)] u(cesa, nt+1)+52 (1 — 7ap(ic|ar)] [1 — Tarp1p(ieg1|aiir)] Upro.
(10)
The problem of the representative person is to maximize (10) subject to the budget con-
straint, (1), the transmission function, (3), and the probability equations (7) and (8).*
The first-order conditions with respect to c¢;, ny, ¢, p(iss1|asi1), and p(si1|a1) are given
by
uy (e, me) — /\S + A1 (I.Cy) = 0,

us (cg,my) + )\i’A + A{ma (I:Ny) =0,
_)‘tT + )\,ﬁp(st|at) - )\fp(st|at) =0,

—527Tdt+1Ut+2 - )\i + ﬁ)\iﬂ[l - Ty — 7Tdt+1(1 - p(it+2\at+2)>] + 6)\f+17rdt+lp(5t+2’at+2) =0,

*Equation (9) is redundant since p(s;1|azi1) + p(isr1lasi1) + p(resi|asss) = 1.
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BA1Teer — A + BAL (1 — 7)) = 0.
Here, )\i’ﬂﬁjp(atﬂmt), A p(asslan), My p(asslar), and X; ;3 p(aijla;) denote the

Lagrange multipliers associated with constraints (1), (3), (7), and (8), respectively.

Equilibrium In equilibrium, each person solves their maximization problem. In addition,

the goods and labor markets clear:
(St + It + Rt> Ct = ANt,

(St + [t + Rt) ng = Nt-

Given rational expectations, the subjective and objective probabilities of different health

states coincide:

St = plsilao),

Iy = p(it]ao),

Ry = plaiao) — p(selao) — plit]ao),
D, = 1—p(asap).

where
p(silao) = p(silar)pladlai—1)p(ai—1|ai—2)...p(a1|ao),
P(it|a0) = P(it|at)p<at|at—1)p(at—1|at—2)~-p(a1|CL0),
pladag) = p(at|at_1)p(at_1|at_2)...p(a1|a0),

and

plagai—1) =1 — wg_1p(ir—1]|ai—1).

Herd immunity Herd immunity is a term used in the epidemiology literature to refer to
situations in which the number of susceptible people is sufficiently low so that the number
of infected people cannot rise, i.e. ;41 < I;. In the standard SIR model (71 = 73 = 0,
mq constant), only the level of S; matters for herd immunity. The decomposition of non-
susceptible people between recovered and infected is irrelevant. In the SIR model, the highest

value of S; consistent with herd immunity is (7, + 74)/73.

See Fernandez-Villaverde and Jones (2020) who use an estimated version of the SIR model to assess
whether different countries have achieved herd immunity.

8



In our model (m; > 0, 3 > 0), herd immunity depends on both the number of susceptible
and infected people. The reason is as follows. The number of infected people determines
the risk of infection from engaging in economic activities. This risk affects the level of
consumption and hours worked by the representative person which, in turn, influences the
likelihood of new infections (equation (3)).

For our model, we define: (i) herd immunity as the set of pairs {.S;, I;} such that [,,1 < I
and (ii) “steady-state herd immunity” as the highest level of S; such that I;.; < I; when per
capita consumption and hours worked are equal to their pre-epidemic steady state levels. The
second concept of immunity applies when I; is arbitrarily to zero, so the risk of infection from
engaging in economic activities is negligible. In general, herd immunity obtains for higher
values of S; than is required for steady-state herd immunity. The reason is that, during
an epidemic, consumption and hours worked are below their steady-state levels, exerting

downwards pressure on the number of new infections.

3 Model with testing

Two critical issues facing policy makers are as follows. First, how widespread should testing
be in a world where people are uncertain about their health status? Second, how should
containment measures be conditioned on the results of such tests?

Modeling the macroeconomic effect of testing is challenging for at least two reasons.
First, people who are tested at different moments in time differ in their probabilities of
being susceptible, infected or recovered. For example, someone who tested negative for
infection two months ago has a different probability of being infected today than someone who
just tested negative for infection. A model embedding such heterogeneity in health-status
probabilities is very challenging to analyze. Second, imperfect testing compounds these
challenges. People would use their entire history of test results to compute the probability of
being susceptible, infected or recovered, creating even more heterogeneity than with perfectly
accurate testing.

To get at the essence of the impact of testing on public policy and the economy, we
proceed as follows. We assume that tests are perfectly accurate and that they can determine
whether a person is susceptible, infected or recovered. In addition, we suppose that in each
period the government tests o percent of the population that has not yet been tested. To

simplify, we assume that once a person enters the pool of tested people their will learn in



every future period their true future health status until they either recover or die. This
assumption greatly reduces the amount of heterogeneity in the economy because the timing
of entry into the testing pool does not affect current consumption or work decisions. All that
matters for these decisions is a person’s current health status.

There are two types of people in the economy: people who have not been tested and
people who have been tested and know their true health status. We discuss the maximization

problem of each of these two types in turn.

3.1 People outside the testing pool

People who are outside the testing pool are uncertain about their current health status.
Those that survive, enter the testing pool at time ¢ + 1 with probability a. Once they enter
the testing pool, they will at each point in time learn their current heath status. We use the
superscripts v and k£ to denote variables that pertain to people with unknown and known
health status, respectively.

We assume that testing starts in period 0 so the initial conditions for the different groups

in the population are:
u u k_ 7k _ pu _ pk __

The probabilities that a given person outside the testing pool is susceptible, infected or

recovered at time zero are given by
p(solag) =1 — ¢, p(iglag) = €, p(rolag) = 0.
The lifetime utility of a person who is outside the testing pool, U}, is given by
Uy = ulcf,ng) + (1= )81 — map(ic]a)] Uy, (11)
a3 [1 = map(icar)] [p(sesrla)Usy + plivelas)Up g + p(reslag) Up ]

The variables U}, , U/, ,, and U/, denote the lifetime utility of a person who is susceptible,
infected and recovered at time t + 1, respectively.

In deriving the first-order conditions of a person’s maximization problem, it is useful to
write U/ | as
ri = ulefnnid) + (1= a)B[1 = marpap(iven|as)] U

af [1 = wa1pivitlac)] [p(sirelan2) Uy + plivielae) Ul + p(rivelase) Ul

10



The problem of a person outside the testing pool is to maximize (11) subject to the budget
constraint, the transmission function, and the laws of motion for the probability of being

infected and susceptible:

¢ — Ant 4T, (12)

T =me) (L'CF + IFCY) + manf! (PN + I N) + w3 (I + If) (13)
pivs1|asa)[1 — maep(iear)] = 7p(selar) + (1 — 7 — mar)plic]as), (14)
p(ser1]are1)[l — map(iclar)] = p(sila) (1 — 7). (15)

In the budget constraint (12), I'Y denotes a lump sum transfer from the government. The

first-order conditions with respect to ¢}, ny, 7, p(it1]ai+1), and p(sei1|ary1) are given by
uy (cf,ny) — Ny + A& (Ifo + IfC'z) =0,

up (¢, ni') + A A + Aty (1N + I NY) =0,

_/\gt + Al-ﬁep(stlat) - A?tp(smt) =0,

dUY" /dp(ier1|ai)
1—- Wdtp(’itmt)
5>\§Lt+1(1 — My — 7Tdt+1) + 6/\gt+17rdt+1p(st+2|at+2) =0,

dU} [dp(sii1|arsr)
11— Wdtp(it|at)
Here, >\§ft+jﬁjp(at+j|at), /\¢t+jﬁjp<at+j|at): /\?tﬂ@jp(atﬂ‘mt): and Agt+j6jp(at+j|at) denote the

Lagrange multipliers associated with constraints (12), (13), (14), and (15), respectively.

— A+ 5)\Z+17Tdt+1p(it+2‘at+2) +

+ BN T — A+ BN (1= 78,) = 0.

The aggregate distribution of people outside the testing pool, according to health status

is given by

tu+1 = p(5t+1|ao)(1—04)t,

I, = pliry1]ao)(1 _a)ta

rn = [p(arlao) — p(siialao) — plirilao)](1 — )",

11



3.2 People inside the testing pool

People inside the testing pool know whether they are susceptible, infected or recovered at
time t. People who are susceptible and infected face uncertainty about their future health
status.

A person of type j € {s,i,7} has a budget constraint
¢ =wnj + 17}, (16)

where I‘{ is a lump sum transfer from the government. Here, the indexes s, i, and r, denote
infected, susceptible and recovered, respectively. We now describe the optimization problem

of the different people inside the testing pool.

Susceptible people The lifetime utility of a susceptible person, U/, is
U = u(cg,ni) + 8 [(1 — 1) Uiy + TfUtiH] : (17)

Here, the variable 7] represents the probability that a susceptible person becomes infected:

Ty =mic) (IMCY 4+ IFCY) + monf (1PN} + IPN}) + w3 (I + If) - (18)

Critically, susceptible people understand that consuming and working less reduces the prob-
ability of becoming infected.

The first-order conditions for consumption and hours worked are
wn(c;,n) = Ny + Xy (PG + 17 CY) = 0,

us(cf,ng) + ANy, + Aoy (1PN + IFN}) = 0.

Here, \;, and A}, are the Lagrange multipliers associated with constraints (16) and (18),
respectively.

The first-order condition for 77 is
s ( ti—i—l - ts+1) — A =0. (19)
Infected people The lifetime utility of an infected person, U}, is

Ul = u(c;,ny) + 8 [(1 — T — Tat) Uti+1 + WrUtrH] : (20)

12



The expression for U embodies a common assumption in macro and health economics that
the cost of death is the foregone utility of life.

The first-order conditions for consumption and hours worked are given by
ul(d;?ni) = )‘étv

u2(ci, n:‘) = _A)‘Zta

where );, is the Lagrange multiplier associated with constraint (16).5

Recovered people The lifetime utility of a recovered person, U, is
Ul = ulcy,ng) + UL, (21)
The first-order conditions for consumption and hours worked are
ui(cy, ng) = Ay,

us(cy,ny) = —AXy,
where \;, is the Lagrange multiplier associated with constraint (16).
Equilibrium In equilibrium, group-specific aggregates and individual levels of consump-
tion and hours worked coincide:

Cg = Ct] ) ng =N t] )

where j € {s,i,7,u}.

The government budget constraint is
Ly (S + Ry + S+ '+ RY) + T If =0,

where Tl is a positive lump sum transfer that finances the consumption of the infected
and quarantined. The variable I'; = I‘{ for j = s,r,u is a negative lump-sum transfer on
everybody else. In equilibrium, each person solves their maximization problem and the

government budget constraint is satisfied. In addition, the goods and labor markets clear:
(SFC + IFCy + RyCY) + (S + I + R}) Cp = ANy,

(SEN; + IFNj + RENY) + (S¢ + I + RY) Ni* = N,

6We assume that infected people are as productive as other people. Absent this assumption people could
learn whether they are infected based on their productivity.

13



Population dynamics We now describe how the size of different groups in the economy
evolve over time. We use superscripts k£ and v to denote whether a person’s health status
is known (i.e. the person is in the testing pool) or unknown (i.e. the person is not in the
testing pool).

The aggregate number of new infections amongst people outside the testing pool (7}") is
equal to the number of viral transmissions (7}, defined in equation (13)) times the fraction of
people outside the testing pool that survived from period zero to period ¢ and are susceptible

(p(st|ao))

T} = 7ip(si|ao)-

The aggregate number of new infections amongst people inside the testing pool (T}) is equal
to:
T = miSFCH (IXCY + 14CY) + maSENT (IPNY + IENY) + maSE (1P 4 1F) . (22)

This equation is an aggregate, equilibrium version of equation (18) taking into account that
there are SF susceptible people in the testing pool.

Recall that social interactions which occur during period ¢ lead to changes in the health
status of susceptible people at the end of time ¢. So, the number of susceptible people at the
end of period ¢ inside and outside of the testing pool is SF — T and S — T}, respectively.

The number of susceptible people in the testing pool at time ¢+ 1 is equal to the number
of susceptible people in the testing pool at the end of time ¢ (SF — T}), plus the number of
people outside the testing pool who got tested for the first time in the beginning of period
t + 1 and learned they are susceptible (a(S}" — 1}")):

St =Sf =T +a(S) = TY). (23)

The number of susceptible people outside the testing pool at the beginning of ¢t + 1 is equal
to the number of susceptible people who were outside of the pool at the end of period ¢t and

did not get tested in the beginning of time ¢ + 1:
= (1—a) (S = T}). (24)

The number of infected people in the testing pool at the beginning of time ¢ + 1 is equal to
the number of newly infected people (T7) in the testing pool, plus the number of infected
people in the testing pool at the beginning of time ¢ (/F), minus the number of infected

people in the testing pool that either recovered (m,IF) or died (mwqIF), plus the number of
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people outside the testing pool who got tested for the first time at the beginning of time
t + 1 and learned that they are infected (o [T} + (1 — w1, — war) I}']):

IFoo=T+ (1 —m —ma) [+ a [T+ (=7 —7a) I}'] .

The number of infected people outside the testing pool at the beginning of time ¢ + 1 is
equal to the number of infected people who were outside of the pool at the end of time ¢

(T3 + (1 — 7, — mq) 1)) and did not get tested in the beginning of time ¢ + 1:
i1 = (=) + (1= m = 7ar) I}'].

The number of recovered people in the testing pool at time ¢ + 1 is the number of recovered
people in the testing pool at beginning of time ¢ (RF), plus the number of infected people
in the testing pool who just recovered (m,.I;), plus the number of people outside the testing
pool who got tested for the first time at the beginning of period ¢ + 1 and learned they are
recovered (a (R} + m,.1}")):

Ri =R} +mIf +a(R +m.1"). (25)

The number of recovered people outside the testing pool at the beginning of time ¢ + 1 is
equal to the number of recovered people who were outside the pool at the end of time ¢t and

did not get tested in the beginning of time ¢ + 1:
it = (L —a)(B + 7 I). (26)

Finally, the number of deceased people at time ¢ 4+ 1 is the number of deceased people at

time ¢ plus the number of new deaths (mq (' + I})):
Dt+1 = Dt + gt (IZL + If) .

We can use these equations to compute the number of people tested in every period. Recall
that we test all the people in the testing pool who are not recovered or dead. In addition,
we test a fraction « of the people outside the testing pool. The number of tests administered

at time ¢ is given by

Test, = SF4+IF4+ (St —T" +a[TF+ (1 -7, — 7g) I + a (R 4 7, 11)
= S+ I +alSt+ (1—ma) I + R
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4 Quantitative results

In this section we discuss the parameter values used in our analysis and our quantitative

results.

4.1 Parameter values

In this subsection, we report our choice of parameters. We are conscious that there is
considerable uncertainty about the true values of these parameters.

In the model a time period is one week. To choose the base mortality rate, 74 in equation
(2), we use data from the South Korean Ministry of Health and Welfare from April 21, 2020.
These estimates are relatively reliable because, as of late April, South Korea had one of the
world’s highest per capita test rates for COVID-19. Estimates of mortality rates based on
data from other countries are probably biased upwards because the number of infected people
is likely to be underestimated. We compute the weighted average of the mortality rates using
weights equal to the percentage of the U.S. population for different age groups. If we exclude
people aged 65 and over, because their labor-force participation rates are very low, we obtain
an average mortality rate of 0.2 percent. We assume that it takes on average 14 days to
either recover or die from the infection. Since our model is weekly, we set 7, + 74 = 7/14.
A 0.2 percent mortality rate for infected people implies 7y = 7 x 0.002/14.

We use the method described in Eichenbaum, Rebelo, and Trabandt (2020) to choose 71,
7o, and 3. This method combines information on the modes of transmission of respiratory
diseases obtained from Ferguson et al. (2006) with information from the Bureau of Labor
Statistics 2018 Time Use Survey. In addition, we consider the so called “Merkel scenario”
implied by the simple SIR of Kermack and McKendrick (1927). This scenario, described
by Angela Merkel in her March 11, 2020 speech, implies that 60 percent of the population
either recover from the infection or die.”

The initial population is normalized to one. The number of people that are initially
infected, ¢, is 0.001. We choose A = 39.835 and 6 = 0.001275 so that in the pre-epidemic
steady state the representative person works 28 hours per week and earns a weekly income
of $58,000/52. We obtain the per-capita income in 2019 from the U.S. Bureau of Economic

Analysis and the average number of hours worked from the Bureau of Labor Statistics 2018

"The values of 71, mo and 73 are as follows: m; = 1.00423 x 1077, 7wy = 1.59356 x 1074, and 73 =
0.49974.
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time-use survey. We set 8 = 0.96'/°2 so that the value of a life is 9.3 million 2019 U.S.
dollars in the pre-epidemic steady state. This value is consistent with the economic value of
life used by U.S. government agencies in their decisions process.® Below, we also consider
the value of life proposed by Hall, Jones and Klenow (2020): 3.5 million U.S. dollars.

We fix k, the parameter in equation (2) that controls the impact of changes in the

aggregate level of infections on the mortality rate to 0.3.

4.2 Model without testing

Figure 1 displays the competitive equilibrium of two versions of our model. The blue line
depicts outcomes for the model where people do not know their true health status. The
dashed black line depicts outcomes for a version of the model where people know their health
status. The latter economy corresponds to the one considered in Eichenbaum, Rebelo, and
Trabandt (2020) which can be thought of as a version of the model in Section 3 where
IF=¢e 1y =0, S8 =1-¢, S =0, and a = 1. For simplicity, we refer to the economies in
which people know and don’t know their health status as the @« = 1 and o = 0 economies,
respectively.

A number of features in Figure 1 are worth noting. The dynamic behavior of the o = 1
and a = 0 economies is qualitatively and quantitatively quite similar. However, there are
some interesting differences between the two economies. Aggregate consumption and hours
worked fall more when o« = 1 than when a = 0.

To understand the last set of results we display the consumption and hours worked
response of different people in the economy in Figure 2. In the a = 0 economy, everybody
cuts consumption and hours worked by the same amount. They do so because they are
worried about being susceptible and getting infected. In contrast, susceptible, infected, and
recovered people behave very differently from one another when they know their health
status. Infected and recovered people do not reduce consumption and hours worked relative
to the pre-epidemic steady state at all because they suffer no additional negative effects from
further exposure to the virus. Susceptible people reduce their consumption and hours worked
even more than people in the @ = 0 economy because they know with certainty that they
are susceptible. This effect is quite strong. People in the « = 1 economy drop consumption

by 10 percent from peak to trough. In contrast, susceptible people in the & = 0 economy

8See U.S. Environmental Protection Agency (2010) and Moran (2016). See Viscusi and Aldy (2003) for
a review of the literature on the value of a statistical life.
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reduce their consumption by roughly 16 percent from peak to trough.

To understand why there are more infections and deaths in the a = 1 economy, recall
that new infections depend on the interaction between the economic activities of infected
and susceptible people. Infected people consume and work more in the @ = 1 economy than
in the a = 0 economy. Other things equal, this effect leads to more infections in the oo =1
economy. Susceptible people consume less than people in the a = 0 economy. Other things
equal, this effect leads to less infections in the & = 1 economy. For our parameter values,
the first effect dominates the second effect, resulting in higher infections and deaths in the
a = 1 economy:.

In our benchmark calibration we assume that the value of life is 9.3 million 2019 U.S.
dollars. There is substantial disagreement about this estimate. In a recent paper, Hall, Jones
and Klenow (2020) argue that, taking demographics into account, a more appropriate value
of life for a representative-agent model is 3.5 million U.S. dollars. To assess the robustness
of our results to using this value of life, we follow Hall and Jones (2007) and add a constant,
b, to momentary utility:

0
u(ey,n) =b+1ne — §nf

We set b = —4.05 which, given the unchanged parameters of the model, implies that the
value of life for a representative-agent model is 3.5 million U.S. dollars.

Figure 3 is the analog of Figure 1 for this lower value of life. Qualitatively, the two
figures are very similar. Quantitatively, the economy with a lower value of life has a smaller
contraction in economic activity because people have less to lose by engaging in consumption
and work activities. Nevertheless, the epidemic induces a steep decline in economic activity,

with a 5 percent drop in consumption from peak to trough, and a large death toll.

4.3 Model with smart containment

We now consider an economy with testing. For expository purposes, we set the testing rate
to 2 percent per week (o = 0.02). Figure 4 displays our results. The blue line corresponds
to the competitive equilibrium without testing. The red line corresponds to the equilibrium
under smart containment.

Because known infected people do not work or directly engage in consumption we set C!

and N} to zero in the transmission functions (13) and (18):
7 = mc (IMCY) + many (I'NY) + 73 (I + 1)
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v = me (I'CY) + mang (I NY) + s (I + 1F).

Equation (22), which determines the aggregate number of new infections amongst people

inside the testing pool (TF) takes the form
T} = mSECE (I CY) + maSENE (IPNY) + msSY (I + IF)

The government finances consumption of quarantined infected people with a lump-sum
tax on other people in the economy. Because the equilibrium number of infected people
is small (roughly 3.5 percent at the peak), the lump-sum tax is also small, amounting to
roughly 1 percent of the level of consumption in the pre-epidemic steady state.

The government budget constraint is given by
LT+ T (Sf+ Ry + 5S¢+ I+ RY) =0,

where I'; < 0 and T = C} = ¢". For now, we abstract from the resource costs associated
with testing.

Two key results emerge from Figure 4. First, relative to the equilibrium without testing,
smart containment cuts peak infection rates from 5.7 to 3.6 percent and reduces death rates
from 0.17 to 0.10 of the initial population. For the U.S., this reduction represents roughly
a quarter of million lives saved. Second, smart containment reduces the severity of the
recession associated with the epidemic. In the equilibrium with o = 0, the peak-to-trough
drop in consumption is 10.2 percent. Under smart containment, the peak-to-trough drop in
consumption is reduced to 4.2 percent. So, smart containment improves both health and
economic outcomes. With simple containment measures that don’t condition on people’s
health status, there is an extremely painful tradeoff between the severity of a recession
and the health consequences of an epidemic (see, for example, Eichenbaum, Rebelo and
Trabandt (2020) and Alvarez, Argente, and Lippi (2020)). According to our results, policies
that combine testing and quarantining infected people dramatically improve this tradeoff.

To understand the mechanisms underlying the impact of smart containment, Figure 5
displays consumption and hours worked by different types of people. The first and second
row correspond to the competitive equilibrium and the economy with smart containment,
respectively.

Our key results are as follows. First, consumption of all people except for the recovered
drops by much less under smart containment. The reason is that quarantining infected people

removes them from social interactions related to consuming and working. The resulting
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reduction in the risk of being infected leads to higher consumption and work by everyone
who is at the risk of being infected. Second, consumption of recovered people falls slightly
because of the lump sum tax that they pay to finance the consumption of known infected
people.”

A natural question is: what fraction of the population is tested when o = 0.02. The
number of tests that is administered rises gradually over time. Within one year, 38 percent
of the population is tested every week. By two years, that fraction rises to roughly 50 percent.
The latter level is consistent with the scale of testing advocated by Romer (2020).'

In our model, the gains from testing diminish rapidly after roughly one year because the
population develops steady-state herd immunity by that time. This immunity is attained
for two reasons. First, because testing ramps up gradually, many infected people who are
not quarantined continue to spread the virus during the first year. Second, during the same
time period infected people who are quarantined continue to transmit the virus through
non-economic social interactions. Both forces reduce the pool of susceptible people to the
point where steady-state herd immunity is obtained.

We now discuss how the gains from smart containment depend on the fraction of the
population that is tested. Figure 6 displays, for various values of «, the peak-to-trough
change in consumption, the death toll from the epidemic, as well as peak infection and
mortality rates. The solid blue line depicts outcomes if smart containment is implemented
at the beginning of the epidemic. The dashed black line depicts the corresponding outcomes
if smart containment begins only in week 17.

Consider first the solid blue line. As « rises, both the economic and the health costs of
the epidemic decline. The economic cost declines quite steeply as « rises from zero. A rise
in a from zero to 2 percent cuts the peak-to-trough change in consumption in half. Further
rises in « continue to reduce the economic costs of the epidemic but at a slower rate, with
very small reductions beyond o = 0.06. A similar but less stark pattern emerges regarding
the death toll from the epidemic. For example, a rise in « from zero to 2 percent cuts the
death toll from 0.17 to 0.10 percent of the initial population. For the U.S. this amounts to
about a quarter of million lives saved. Further rises in « continue to reduce the death toll

but at a slower rate.

9 Absent this effect, consumption would be equal to its level in the pre-epidemic steady state.

0Romer (2020) proposes dividing the population into two groups and testing each group in alternating
weeks. While the Romer proposal is likely to be more efficient than the policy we consider, it is less tractable
to model in general equilibrium.
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Another way to evaluate the gains from smart containment is to compute the com-
pensating variation associated with this policy. This variation is the percentage of annual
consumption that would make a person in an economy without smart containment have the
same lifetime utility of a person in an economy with smart containment.

The first column of Figure 8 displays the compensating variation associated with smart
containment for different values of a. The variation is increasing in «, rising sharply as «
increases from zero. To be concrete, suppose that a = 0.02, then the annual compensating
variation is 0.44 percent of consumption which, for the U.S., amounts to 66 billion U.S.
dollars per year. For an annual discount rate of 4 percent, the associated present value is
1.7 trillion U.S. dollars.

Consider next the results of starting smart containment in week 17. From Figure 6 we
see that the qualitative impact of the policy remains unchanged. However, the effects are
much weaker. So, delaying the policy by four months substantially raises the economic and
health costs of the epidemic. Even so, there are substantial gains from implementing smart

containment.

4.4 Strict containment

In the previous section, we considered quarantine policies that apply to the work and con-
sumption activities of people who have been identified as infected. A natural question is:
what if policy also succeeds in minimizing the non-economic interactions of those people. We
refer to this policy as “strict containment.” As a practical matter, it might be very difficult
to enforce strict containment. So, we view this part of the analysis as providing an upper
bound on the gains from minimizing the non-economic interactions of infected people.

Because known infected people do not work or directly engage in consumption, or in
non-economic social interactions we set Ci, Nj and I} to zero in the transmission functions
(13) and (18)

r = macy (IPCY) + mont (INY) + ma

1y = mc; (I}CY) + mang (I NY) + w31}

Equation (22), which determines the aggregate number of new infections amongst people

inside the testing pool (TF) is now given by

TF = m(SECy) (1P CY) + ma(SyNY) (I NY) + maSEL
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Figure 7 displays our results. The dashed-dotted grey line corresponds to the behavior of
the economy under strict containment. The solid blue line and dashed red line correspond
to the behavior of the economy with no testing and the economy with testing and smart
containment, respectively. Strict containment dramatically reduces the economic and health
costs of the epidemic. The reason is straightforward. In our calibration, 2/3 of virus trans-
missions result from non-economic social interactions. So, a policy which minimizes those
interactions has a dramatic effect on economic and health outcomes.

The second column of Figure 8 displays the compensating variation associated with strict
containment for different values of «. The variation is increasing in «, rising sharply as «
increases from zero. Indeed the gains rise even more sharply than under smart containment.
These gains stabilize at values of a greater than 0.03.

The gains from strict containment are clearly larger than those associated with smart
containment. For example, a rise in « from zero to 2 percent cuts the death toll from 0.17
to 0.017 percent of the initial population. For the U.S. this amounts to half a million people
instead of the roughly quarter of million lives saved under smart containment. For a = 0.02,
the annual compensating variation is 1 percent of consumption which, for the U.S., amounts
to 150 billion U.S. dollars per year. For an annual discount rate of 4 percent, the associated
present value is 3.8 trillion U.S. dollars instead of the 1.7 trillion U.S. dollars under smart
containment.

In terms of testing strict containment differs from smart containment in two important
ways. First, it requires testing a much higher percentage of the population. For example,
by the end of the first year, under strict and smart containment, 59 and 38 percent of
the population is tested every week, respectively. The analog numbers for end of year
two are 80 and 51 percent. Second, under strict containment, the economy never reaches
steady-state herd immunity. So, testing and quarantining policies have to be deployed on a
permanent basis until effective treatments or vaccines are developed. As we saw, under smart
containment steady state herd immunity is reached after one year so testing and quarantining

can be ended at that point without risk of a surge in infections.

5 What if immunity is temporary?

A key maintained assumption of the economics literature on epidemics is that people who

have recovered from the disease can’t be reinfected. According to the World Health Orga-
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nization (2020), there is no hard evidence in favor of this assumption for SARS-CoV-2, the
virus that causes COVID-19. Indeed, there is evidence that people do not acquire permanent
immunity after exposure to other corona viruses (see, e.g., Shamanand and Galanti (2020)).
Wu et al. (2007) report that antibodies for the severe acute respiratory syndrome virus
(SARS-COV), a type of corona virus, last on average for two years.

In this section, we accomplish two objectives. First, we extend our model to allow for
the possibility that recovered people can be reinfected. Second, we examine the efficacy of

smart and strict containment under those circumstances.

5.1 People outside the testing pool

People outside the testing pool maximize their lifetime utility, (11), subject to the budget
constraint, (12), the transmission function, (13), and the probability of being infected, (14).
The equation for the probability of being susceptible, (15), is replaced by the following
equation

p(sey1lasi1)[1 — wap(iclas)] = p(silar) (1 — 7¢) + wp(re|ar).

Here, 7, denotes the probability that a recovered agent becomes susceptible again. In the

standard SIR model 7, = 0. We add the following equation for p(ry 1|a; )"

p(revilacen)[1 — map(iclar)] = p(refas) (1 — 7ms) + mp(ic]ar).

The term p(r¢|at)(1 — 7,), reflects the probability that a person who is recovered does not
lose immunity and remains recovered at time ¢t + 1.
The first-order conditions for the problem of a person outside the testing pool are dis-

played in the appendix.

5.2 People inside the testing pool

The problem of people inside the testing pool remains the same as before with one important
exception. The lifetime utility of a recovered person now takes into account the probability

of becoming susceptible

Up = ulcy,ny) + B(1 = ms) Uiy + BrsUpy (27)

1Tn the version of the model without reinfections, we replaced p(ryi1|as 1) by 1=p(sei1|asr1)—p(isr1|asit)
instead of imposing the equation for p(rii1|as+1) as a constraint.
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A recovered person maximizes (27) subject to the budget constraint (16). The first-order
conditions for consumption and hours worked for a recovered person are the same as in the

problem without reinfections.

5.3 Population dynamics

The equations governing population dynamics are the same as in the model without rein-
fections with the following exceptions. Equations (23), (24), (25), and (26) are replaced
by

Sf = SF—TF + R + oSy — T} + T RY),
it = (—a)(S =T +m.RY),
Ry, = R +mIf —mRi + (R} + 71 — TR,

i = (L—a)(R +ml —mRY}).

The economy converges asymptotically to a steady state in which the number of suscepti-
ble people and the ratio of infected people to recovered people are constant. Asymptotically,

the number of new deaths from infection converges to zero.

5.4 Quantitative results

As far as we know, there are no reliable estimates of the rate at which recovered people get
reinfected by SARS-CoV-2. For this reason, we rely on estimates of reinfection rates for the
severe acute respiratory syndrome (SARS) to calibrate our model. Wu et al. (2007) report
that SARS antibodies last on average for two years. So, we choose 7, = 1/104.

Figure 9 displays our results. The blue line, reproduced from Figure 1, corresponds to
the model in which people do not know their health status and the probability of reinfection
is zero. The black dashed line corresponds to the model with reinfections. The key result is
that, when 7, is positive, there are waves of infections that dampen over time. These waves
are accompanied by recurrent recessions.

The asymptotic number of susceptible people is roughly forty percent higher than in the
no-reinfection economy. Critically, over a ten-year period the cumulative death toll is more

than double in the reinfection economy.'?

12The number of deaths rises over a long time period before it stabilizes. The point at which the death
toll stabilizes is not shown in the figure.
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Figure 10 displays the dynamics of the epidemic with no interventions (blue line), with
smart containment (dashed red line), and with strict containment (dashed grey line).

Smart containment substantially reduces the peak level of infections during the first
outbreak of the epidemic. Moreover, it eliminates all future outbreaks. The net effect is
that the death toll of the epidemic is capped at 0.1 percent of the initial population. This
result stands in sharp contrast to the death toll in the economy without containment which
exceeds 0.4 percent in the first decade of the epidemic.

The benefits of smart containment in terms of lives saved are clearly enormous. But the
benefits are also very large in terms of economic activity. Smart containment dramatically
reduces the severity of the recession caused the first outbreak of the epidemic. And it also
eliminates all of the subsequent recessions that would occur absent containment.

Figure 10 shows that strict containment generates even larger benefits than smart con-
tainment. Indeed, it eliminates almost all of the deaths and output losses caused by the
epidemic.

Viewed as a whole, the results in this section are very supportive of the idea that society
ought to invest in the required infrastructure to engage in continuous testing of the population

and quarantining of those infected.

6 Related literature

There is a fast-growing literature on the macroeconomic impact of the COVID-19 epidemic.
See, for example, Bodenstein, Corsetti, and Guerrieri (2020), Buera, Fattal-Jaef, Neumeyer,
and Shin (2020), Eichenbaum, Rebelo, and Trabandt (2020), Farboodi, Jarosch, and Shimer
(2020), Faria-e-Castro (2020), Glover, Heathcote, Krueger, and Rios-Rull (2020), Gonzalez-
Eiras and Niepelt (2020), Guerrieri, Lorenzoni, Straub, and Werning (2020), Jones, Philip-
pon, and Venkateswaran (2020), Kapicka and Rupert (2020), Kaplan, Moll, and Violante
(2020), Krueger, Uhlig, and Xie (2020), Stock (2020), and Toxvaerd (2020). Below, we briefly
summarize the branch of this literature focused on the role of testing as part of an optimal
containment policy.

Alvarez, Argente, and Lippi (2020) use a variant of the SIR model reviewed by Atkeson
(2020) to study the lockdown policy that maximizes the present value of output. They
consider a scenario where antibody tests allow people who recover to receive an immunity

card and go back to work. In contrast to these authors, we study the competitive equilibrium
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of our model economy as well as the effects of smart and strict containment. In addition, our
model allows for a two-way interaction between the dynamics of the epidemic and the level
of economic activity. The epidemic affects people’s economic decisions and these decisions,
in turn, affect the rate at which the epidemic unfolds.

Piguillem and Shi (2020) and Holtemoller (2020) study optimal lockdown as well as test-
ing and quarantine policies in a variant of the SIR model. Piguillem and Shi (2020) consider
a planning problem in which the objective function is the discounted utility of aggregate
output minus a penalty function for infection-related deaths. They use this framework to
study the efficacy of lockdown policies along with random testing. Holtemoller (2020) em-
beds a version of the SIR model into the Solow (1956) model. He analyses the combinations
of lockdowns, testing and quarantines that maximize the discounted utility of aggregate
consumption associated with an exogenous savings rule. The key differences between our
analysis and these two papers are as follows. First, we study a competitive equilibrium as
well as the effects of smart and strict containment. Second, we allow for an interaction
between people’s economic decisions, testing, and the dynamics of the epidemic.

Berger, Herkenhoff, and Mongey (2020) study the importance of randomized testing in
estimating the health status of the population and designing optimal mitigation policies.
As these authors note, they do not integrate an economic model into their epidemiological
framework.

Chang and Velasco (2020) consider a two-period model in which there is potentially
multiple equilibrium in people’s decision to go to work during an epidemic. They discuss the
effect of testing and quarantining on the labor supply.

Two recent papers consider models in which people are uncertain about their health
status. In Farboodi, Jarosch, and Shimer (2020) people choose their level of social activity
without knowing whether they are susceptible or infected. In contrast to these authors, we
consider the impact of the epidemic on production and consumption decisions. In addition,
we explicitly analyze the impact of testing on the economy.

Brotherhood, Kircher, Santos and Tertilt (2020) consider an heterogenous-agent model
where people who are infected develop symptoms. If they are tested, they learn their true
health status one period in advance. They analyze the efficacy of various policies assuming
that agents are partially altruistic. In contrast to these authors, in our model infected people
do not learn their true health status unless they are tested. In addition, we consider the

impact of policies that test broad sections of the population, not just those infected.
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Finally, in contrast to all of the papers cited above, we consider the possibility that people

who recover from an infection acquire only temporary immunity to the virus.

7 Conclusion

In this paper, we develop a SIR-based macroeconomic model where people do not know their
true health status. In this environment, testing allows the government to identify infected
people and quarantine them. We argue that the social gains from such a policy are very
large. Non-test-based policies like lockdowns and other restrictions to economic activity
improve upon the competitive equilibrium. But test-based quarantines ameliorate the sharp
tradeoff between declines in economic activity and health outcomes that are associated with
broad-based containment policies. This amelioration is particularly dramatic when people

who recover from an infection acquire only temporary immunity to the virus.

27



References

1]

Alvarez, Fernando, David Argente, Francesco Lippi “A Simple Planning Problem for

COVID-19 Lockdown,” manuscript, University of Chicago, March 2020.

Atkeson, Andrew “What Will Be The Economic Impact of COVID-19 in the US? Rough
Estimates of Disease Scenarios,” National Bureau of Economic Research, Working Paper

No. 26867, March 2020.

Berger, David, Kyle Herkenhoff, and Simon Mongey “An SEIR Infectious Disease Model

)

with Testing and Conditional Quarantine,” manuscript, Duke University, March 2020.

Bodenstein, M., Corsetti, G. and Guerrieri, L. “Social Distancing and Supply Disrup-
tions in a Pandemic,” manuscript, Board of Governors of the Federal Reserve System,

2020.

Bootsma, Martin CJ, and Neil M. Ferguson. "The Effect of Public Health Measures
on the 1918 Influenza Pandemic in US Cities," Proceedings of the National Academy of
Sciences 104, no. 18 (2007): 7588-7593.

Brotherhood, Luiz, Philipp Kircher, Cezar Santos and Michele Tertilt “An economic
model of the Covid-19 epidemic: The importance of testing and age-specific poli-

cies,” (2020)

Buera, Francisco, Roberto Fattal-Jaef, Pablo Andres Neumeyer, and Yongseok Shin
“The Economic Ripple Effects of COVID-10,” manuscript, World Bank, manuscript,
2020.

Chang, Roberto and Andrés Velasco “Economic Policy Incentives to Preserve Lives and

Livelihoods,” manuscript, Rutgers University, 2020.

Eichenbaum, Martin S., Sergio Rebelo, and Mathias Trabandt. “The Macroeconomics of
Epidemics,” working paper No. 26882. National Bureau of Economic Research, March

2020.

Faria-e-Castro, Miguel “Fiscal Policy During a Pandemic,” manuscript, Federal Reserve

Bank of St. Louis, March 2020.

28



[11]

[12]

[17]

[20]

[21]

Ferguson, N., Cummings, D., Fraser, C. et al. “Strategies for Mitigating an Influenza

Pandemic,” Nature 442, 448-452, 2006.

Farboodi, M., Jarosch, G. and Shimer, R., 2020. “Internal and External Effects of
Social Distancing in a Pandemic,” University of Chicago, Becker Friedman Institute for

Economics Working Paper, (2020-47).

Galanti, Marta and Jeffrey Shaman “Direct Observation of Repeated Infections with

Endemic Coronaviruses,” manuscript, Columbia University, 2020.

Gonzalez-Eiras, Martin and Dirk Niepelt “On the Optimal “Lockdown” During an

Y

Epidemic,” manuscript, Study Center Gerzensee, 2020.

Guerrieri, Veronica, Guido Lorenzoni, Ludwig Straub, and Ivan Werning “Macroeco-
nomic Implications of COVID-19: Can Negative Supply Shocks Cause Demand Short-

ages?” manuscript, Northwestern University, April 2020.

Glover, Andrew, Jonathan Heathcote, Dirk Krueger, and José-Victor Rios-Rull “Health
versus Wealth: On the Distribution Effects of Controlling a Pandemic,” manuscript,

University of Pennsylvania, 2020.

Gomes, M. Gabriela M., Lisa J. White, and Graham F. Medley, 2004. “Infection, Re-
infection, and Vaccination under Suboptimal Immune Protection: Epidemiological Per-

spectives,” Journal of Theoretical Biology, 228(4), pp.539-549.

Hall, Robert E., and Charles I. Jones. “The Value of Life and the Rise in Health Spend-
ing,” The Quarterly Journal of Economics 122, no. 1 (2007): 39-72.

Hall, Robert Jones, Chad and Pete Klenow “Trading Off Consumption and COVID-19
Deaths” manuscript, Stanford University, 2020.

Holtemoller, Oliver “Integrated Assessment of Epidemic and Economic Dynamics,”

IWH Discussion Paper 4/2020, Halle Institute for Economic Research (IWH), 2020.

Jones, Chad and Jesus Fernandez-Villaverde “Estimating and Simulating a SIRD Model
of COVID-19 for Many Countries, States, and Cities,” manuscript, Stanford University,
2020.

29



[22]

[23]

[26]

[29]

[30]

[31]

[32]

[33]

[34]

Kapicka, Marek and Peter Rupert “Labor Markets during Pandemics,” manuscript,
University of California, Santa Barbara, 2020.

Kaplan, Greg, Ben Moll, and Gianluca Violante “Pandemics According to HANK,”
manuscript, University of Chicago, 2020.

Kermack, William Ogilvy, and Anderson G. McKendrick “A Contribution to the Math-
ematical Theory of Epidemics,” Proceedings of the Royal Society of London, series A
115, no. 772: 700-721, 1927.

Kissler, Stephen M. Christine Tedijanto, Edward Goldstein, Yonatan H. Grad, Marc
Lipsitch “Projecting the Transmission Dynamics of SARS-CoV-2 Through the Post-
pandemic Period,” Science, 14 Apr 2020.

Kyrychko, Yuliya N. and Konstantin B. Blyuss, 2005 “Global Properties of a Delayed
SIR Model with Temporary Immunity and Nonlinear Incidence Rate,” Nonlinear Analy-

sis: Real World Applications, 6(3), pp.495-507.

Krueger, Dirk, Harald Uhlig, Taojun Xie “Macroeconomic Dynamics and Reallocation

?

in an Epidemic,” manuscript, University of Chicago, 2020.

Piguillem, Facundo and Liyan Shi “The Optimal covid-19 Quarantine and Testing Poli-

cies,” working paper No. 2004. Einaudi Institute for Economics and Finance, 2020.

Romer, Paul “Road to Responsibly Reopen America,” manuscript paulromer.net, 2020.

Romer, Paul and Alan Garber “Will Our Economy Die From Coronavirus?,” The New

York Times, March 23, 2020.

Solow, R.M., 1956 “A Contribution to the Theory of Economic Growth,” The Quarterly
Journal of Economics 70, 65-94.

Stock, James “Coronavirus Data Gaps and the Policy Response to the Novel Coron-

Y

avirus,” manuscript, Harvard University, 2020.

Toxvaerd, Flavio “Equilibrium Social Distancing,” manuscript, Cambridge University,

2020.

World Health Organization “Immunity Passports in the Context of COVID-19,” Scien-
tific Brief, 24 April 2020.

30



[35] Wu, L. P., Wang, N. C., Chang, Y. H., Tian, X. Y., Na, D. Y., Zhang, L. Y., Zheng, L.,
Lan, T., Wang, L. F., & Liang, G. D. (2007). “Duration of Antibody Responses After
Fevere Acute Respiratory Syndrome. Emerging Infectious Diseases,” 13(10), 1562-1564.

31



Appendix A Equilibrium Equations

This appendix provides the equilibrium equations for the model with unknown and known
health status due to testing. We consider the model with temporary immunity. The model

with permanent immunity is a special case where 74 = 0.

A.1 Equilibrium equations for people with unknown health status

Combining equation (11) with the following equations

P(Sig1|air1) + pligra|ar) + p(rigalae) = 1,

p(’it+1|at) = p(it+1|at+1)[1 - Wdtp(it|at)]7
p(5t+1‘@t) = p<5t+1|at+1)[1 - Wdtp(it‘atﬂ;
P(Tt+1|at) = P(Tt+1|at+1)[1 - Wdtp(it|at)};

we obtain:
Ul = u(e/,ng)+ (1 —a)B [l —maup(ida)) Uty
+aB [1 = maup(iclar)] [p(ser1lam1)Usyy + plieerlama) Ul + p(reclac) UL, -
The remaining equilibrium conditions are as follows
) =mic) (I'CY + IFCY) + manff (LN + IFN}) + w5 (I + 1) |
c = Any + 1Ty,
Plivri]ae1)[1 — map(iclar)] = Tip(silar) + (1 — 70 — war)p(iclar),

P(seqalas)[1 — marp(iclar)] = p(silas) (1 — 1) + 7p(re|as),

P(recilagen)[1 — map(iclar)] = p(relar) (1 — ms) 4 mop(ief az).
First-order condition for cj':
w (¢, nf) — Ny + Nymy (LACY + IFCY) = 0.
First-order condition for nj:

uz (¢ ni') + Ay A+ AL (LN + IEN,) = 0.

T
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First-order condition for 7}
=+ Aap(silar) — Agp(silar) = 0.

First-order condition for p(isy1|asi1)

dUt“ 1
dp(it+1|at+1) 1- 7Tdtp<it|at)
+)‘Z‘Lt+16(1 — Ty — 7Tdt+1) + )\Zt+1ﬁ7rdt+1p(3t+2’at+2)

— Nt + N1 Bp(ieg2| @) Tar

+>‘?t+157rdt+1p(7”t+2|at+2) + )‘gt+1577r~

First-order condition for p(s;y1|a;41)

dU /dp(si41]|ai+1)
1- Wdtp(it|at)

+ Nt BT — A+ A B(L = T1¢,) = 0.
First-order condition p(r;1|asi1)

auy
dp(reglagr) 1 — map(ic|ay)
The relevant derivatives of lifetime utility are given by

+ )‘Zt+1ﬁ7rs - )\,th + )\th-i-lﬂ(l — 77'5) = 0.

dU . i . ”
—————— = af [l — maup(itla)] Uty — [(1 = @)1 [1 — wap(iclar)] mae 1 UL
dp(lt+1|at+1)

—Tarr10(1 — 04)52 [1 — map(ie]ar)] x [p(3t+2|at+2>Uts+2 + p(it+2|@t+2)UZ+2 + p(rt+2|at+2)U[+2] )
auy

dp(St41|a41)
du;

dp(ris1lassn)

= af [1 = map(islar)] Uy,
= aff [1 = map(itlar)| UL,
A.2 Equilibrium equations for people with known health status
after testing
c; = Anj + 1y,
ct = An! + T,
c; = Any + 1,
U = (g, m) + 8 [(1 =5 Uiy + 7505
7t =t (G + IECE) + man (TN + TENT) + (12 4 11).
ur (¢, m3) = Ny + Xy (LG + IECY) = 0,
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us(cf,ng) + ANy, + Aoy (IPN + IFNY) = 0,
B (Uti+1 - Uts—i—l) — A =0,

Ui = ulcpmy) + B [(1 =7 — ) Uly + 1 UL ]
ur(ch,np) = Ay,
us(cq,np) = — ANy,

Ul = ulep,ng) + B(1 = m)Upy + BrsUfy,
ur(cp,ny) = Ay

us(ci,ny) = — ANy

A.3 Population dynamics

The equations for the population dynamics are as follows

Siir = p(seyrfas) My,
Ity = plisia|aga) MYy,
R = (1= p(sepalacys) — plissalasa)) MYy,
Diyy = Dy + malf,
Ty = 7ip(st|ar) M,
My = M1 — map(ica)] (1 — o),
T} = mSECy (IO + IFCY) + maSENY (1N + IFNY) + w35y (I + If)
Sfﬂ =Sk —TF 4 7, RF + (S — T + m,RY),
Ko =T+ =7 —7a) I} + [T} + (1 =7, — ) I
Ry =R +mIf — 7Ry + (R + 7.1 — Ry,

Df., = D} + maulf.

A.4 Government budget and equilibrium
(SF+RY+S¢+ I+ RY) Ty + IfT} =0,
¢ =Cl,nl =N
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A.5 Aggregate variables
Cr = (SEC7 + IECL+ RiCY) + (S) + I + RY) CF,

Ny = (SFN; + IFN] + REN]) + (S + I' + RY) N},

D, = D} + Dy,
R, = R'+ R},
L =1+ 1F,
Sy = Sp + SF.

A.6 Numerical algorithm

We use a time-stacking algorithm together with a gradient-based method to solve for the

equilibrium paths of all endogenous variables for ¢ = 0, ..., 500.
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Figure 1. Model with Unknown and Known Health Status

\

Infected, |
100

% of Initial Population

' 40
100

Deaths, D
9
8
o = - (-D
7 g
/ 3
)
c
I=
e
o
>-10 |
a
: - R
50 100

Weeks

0 r

80

70 |

60 |

50

Model with Unknown Health Status

Susceptibles, S

= == Model with Known Health Status

100

OAggregate Consumption, C

0 50
Weeks

100

% of Initial Population

% Dev. from Initial Steady State

[e2]
o

Ul
o

N
o

w
o

N
o

[ERN
o

Recovered, R

o

Aggregate Hours, H

50

100

50
Weeks

100



% Dev. from Initial Steady State

-14

-16

-18

Consumption by Type

Unknown Status

\’ — = Susceptibles
= === |nfected
-------- Recovered
| | | | |
20 40 60 80 100
Weeks

% Dev. from Initial Steady State

-10

-14

-16

-18

Figure 2: Model with Unknown and Known Health Status

Hours by Type

I = = Susceptibles
= === |nfected
-------- Recovered

Unknown Status

0 20 40 60 80

Weeks

100



Figure 3. Model with Unknown and Known Health Status (Lower Value of Life)
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Panel A: Model with
Unknown Health Status

Panel B: Model with Testing

and Smart Containment

Figure 5: Model with Testing and Smart Containment
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Figure 7: Model with Testing and Strict Containment
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Figure 8: Welfare Gains of Smart Containment vs. Strict Containment
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Figure 10: Model with Re-infections, Testing and Containment
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