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Abstract

This paper studies containment policies for combating a pandemic in an open-economy
context. It does so via quantitative analyses using a model that incorporates a standard epi-
demiological compartmental model in a general equilibrium multi-country, multi-sector Ri-
cardian model of international trade with input-output linkages. We quantitatively evaluate
the long-run welfare and real-income losses due to the short-run pandemic shocks, and we
study the role of trade in these effects. We devise a novel approach to computing national
optimal policies. We find that (1) the long-run welfare and real-income losses due to just two
years of pandemic shocks are substantial; (2) international trade helps buffer both the welfare
and real-income losses, and it also saves lives; (3) the computed optimal policies indicate that
most countries should have tightened their containment measures relative to what was done;
and (4) compared to the case of autarky, the optimal policy under trade is generally more

stringent.
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1 Introduction

One of the most important questions in a major pandemic, such as the most recent COVID-19
event, is how stringent the containment policies should be. There has been heated debate on this
in many countries, and a large cross-country variation in the stringency of containment policies
is apparent. The key trade-off is obvious: lives vs. economy. But striking the right balance is
not a simple task due to the complexity of the economy and its complicated interaction with
the disease’s epidemiological evolution. There has been a surge of research on containment
policy in macroeconomics literature, but these studies are mostly, if not all, in closed-economy
contexts. As the global economy is interlinked across countries, a country’s containment policy
may have repercussions on other countries” economies through various trade linkages, which
may, in turn, affect the considerations of other countries” containment policies and the ensuing
health outcomes.

This paper attempts to answer questions regarding containment policy in an open-economy
context. We do so by conducting quantitative analyses using a model that incorporates a stan-
dard epidemiological compartmental model (Susceptible-Infected-Recovered-Deceased; SIRD)
in a multi-country, multi-sector Ricardian model of international trade with input-output link-
ages. In particular, our model builds on that of Caliendo and Parro (2015)! by adding how the
pandemic shocks different sectors and countries differently due to the heterogeneity in contain-
ment policy and work-from-home (henceforth WFH) capacity, which in turn reshapes compar-
ative advantages and the distribution of sectoral employment. The rate of disease transmission
is then influenced by such changes in sectoral employment through workplace interactions, and
the SIRD law of motion then influences the next-period labor supply. Thus, this model features
two-way dynamic influences between the economy and the pandemic. It also features cross-
country externality of containment policies through trade linkages.

Our welfare measure for a country is the sum of the expected utilities of individuals in that
country, where the expected utility is evaluated on an infinite time horizon, following the stan-
dard dynastic assumption in macroeconomics. Individuals are concerned with risks in a pan-
demic, as, ex-ante, no one knows how he/she will fare during the pandemic. With risk aversion,
people dislike extreme outcomes; hence, an increase in the probability of death or infection wors-
ens welfare beyond the loss of real income. We intentionally leave out the psychological cost of
mortality, as it is difficult to calibrate; in most cases, the direction of changes in optimal policies
can be easily predicted when this cost is incorporated. In short, this paper aims to gauge the ef-

fect of short-run shocks due to the pandemic from a long-run perspective. The short-run shocks

!Caliendo and Parro (2015) extend the Ricardian model of Eaton and Kortum (2002) by adding input-output link-

ages.



affect the long-run welfare in three ways: (1) by lowering the effective labor supply, (2) by cre-
ating temporary shifts in comparative advantages, and (3) by losing population due to deaths
caused by the pandemic. The former two ways are short-run effects on the economy, whereas the
third way is long-run consequences. But all of these are evaluated in terms of long-run welfare.

We calibrate our model to the pre-COVID-19 economy mainly by using the World Input-
Output Database (WIOD), in which there are 41 countries. Our key disease transmission param-
eters are disciplined by the data on the total deaths from COVID-19. Using the calibrated model,
we conduct various counterfactual analyses. In our simulations, we assume that the pandemic
ends in two years from January 1, 2020. This is mainly because the pandemic situation dras-
tically eased after Omicron became the dominant variant and because most countries adopted
“living with COVID” policies in 2022. See Section 3.2 for a detailed justification.

Our analysis consists of two parts. In the first part, we analyze the effects of the COVID-19
pandemic on welfare and real income and investigate the role of international trade in these
effects. In the second part, we study optimal containment policies and examine the role of
international trade in determining these policies. The first finding in the first part is that the
cross-country weighted averages of real-income losses and welfare losses are 2.73% and 2.34%,
respectively. As the losses are measured in terms of the discounted sums on an infinite time
horizon, such losses due to only two years of the pandemic are substantial. We also find that
larger countries tend to suffer more and that there is a larger cross-country variation in welfare
losses than that in real-income losses.

To highlight the role of trade, we compare the losses in welfare and real income during the
pandemic under the benchmark model with those under autarky. Our results show that with in-
ternational trade, the weighted averages of welfare and real-income losses are both smaller than
the case under autarky. However, not all countries benefit from trade, as 7 out of 41 countries
actually suffer from higher losses with trade than under autarky. Despite trade being a more
efficient scheme than autarky, the system of trade can worsen a country’s real-income loss if its
terms of trade worsen significantly during the pandemic. With respect to health outcomes, we
find that the cumulative numbers of confirmed cases and deaths are smaller with trade than
in autarky, implying that trade can help the countries to “flatten the curve”. The reason is that
while the country-sector pairs with relatively higher WFH capability expand during the pan-
demic, trade amplifies the expansions further through international specialization. On average,
the weights of the sectors with high WFH capacities in both consumption and production in-
crease. As a result, people are on average less likely to work onsite, and the disease is less likely
to spread via face-to-face interaction in workplaces.

In the second part, which concerns optimal containment policies, our key challenge is to



devise a reasonable and tractable approach to reduce the space of candidate policies in such a
multi-country, multi-sector, multi-period framework with input-output linkages. To facilitate
efficient computation of optimal policies, we use the effective reproduction number R, as each
country’s policy target instead of optimizing the entire time paths of containment policies for
all countries. The effective reproduction number is a reasonable target because it reflects the
speed of disease spread and is the central concern for epidemiologists and doctors who lead
government responses. Targeting effective reproduction numbers also implies that containment
measures should be stringent initially and generally become more lenient over time, which is
consistent with recent findings in the macroeconomic literature.

To further reduce the computational burden, we compute optimal policies in two steps. In the
first step, we consider a global planner who seeks to maximize global welfare by deciding on an
R, that applies to all countries. The result from this step serves as the starting point to compute
the optimal policies for each country in the second step. In the second step, we solve each
country i’s optimal effective reproduction number R. ;, given other countries” optimal choices
R. _;; this is, indeed, a Nash equilibrium of national optimal policies. Information from the first
step helps to ease the computational burden in this step as it suggests how the grid search can
be efficiently conducted.

Our result indicates that for all countries except China, the optimal R, ;’s are less than their
corresponding average R, ;’s in the benchmark model. This means that for most countries, the
containment measures should be stricter than those actually adopted. Moreover, the optimal
R, ;’s so computed should be interpreted as the upper bounds because we intentionally leave out
the psychological cost of mortality. Once this cost is incorporated, optimal effective reproduction
numbers should be even smaller; hence the containment measures should be even stricter. For
the role of international trade in determining optimal containment policies, we find that most
countries’ optimal containment policies are stricter under trade than the case under autarky. This
result is intuitive because international trade helps buffer real-income losses such that countries
can implement stricter containment measures without significantly reducing real consumption.

We conduct a series of sensitivity analyses, including the effects of capital (and trade imbal-
ances), input-output linkages, income support programs, and epidemiological parameters. We
find that incorporating capital significantly dampens welfare and real-income losses, as it sub-
stantially reduces the effects of labor and hence containment measures. The benchmark results
on welfare and real-income losses and the role of trade remain relatively robust to the consider-

ation of input-output linkages, income support programs, and epidemiological parameters.

Related literature. There has been a surge of research studying optimal containment policies:



these studies embed variants of the classic SIR model proposed by Kermack et al. (1927) into
macroeconomic models to study various aspects of the tradeoff between lives and economy.
See, for example, Acemoglu et al. (2021), Alvarez et al. (2021), Atkeson (2020), Atkeson et al.
(2021), Eichenbaum et al. (2021), Farboodi et al. (2021), Jones et al. (2021), Krueger et al. (2022),
and Piguillem and Shi (2023). Our work differs from these in our focus on analyzing optimal
containment policies in an open-economy context. A particularly closely related work is that by
Budish (2020), who formulates a static optimization problem using R, < 1 as a constraint. Our
work differs as R. is used as a policy target (rather than a constraint) in a dynamic setting.

Also closely related are the studies by Antras et al. (2023), Fajgelbaum et al. (2021), and Ar-
gente et al. (2021), all of whom consider disease dynamics in a general equilibrium model of
trade in either a city or an international-trade setting. Our work differs from Antras et al. (2023)
mainly due to our focus on optimal containment policies, and it differs from Fajgelbaum et al.
(2021) and Argente et al. (2021) due to our focus on country-level containment policies. Our
work is also related to Chen et al. (2020), Bonadio et al. (2021), Eppinger et al. (2020), and Sforza
and Steininger (2020), as both our work and these studies evaluate the economic consequences of
the pandemic shocks and study the role of trade and/or input-output linkages. However, these
studies do not incorporate disease dynamics or analyze optimal containment policies, which are
our main contributions relative to these studies.

As our model and counterfactual analyses are already complex with the computation of na-
tional optimal policies in a setup with multiple countries, multiple sectors, input-output link-
ages, trade imbalances, and disease dynamics, it is rather burdensome to account for other dy-
namic aspects. As mentioned above, this paper should be read as gauging the effects of short-run
shocks due to the pandemic from a long-run perspective. We leave out long-run dynamic aspects
to isolate these effects. For these aspects, readers may be referred to Chernoff and Warman (2022)
and Gordon and Sayed (2022) for the effects of the pandemic on technological changes and Hsu
et al. (2022) and Kozlowski et al. (2020) for the long-lasting effects of scarred beliefs.

The rest of the paper is organized as follows. Section 2 describes the model; Section 3 intro-
duces the data and how the model is calibrated; Section 4 presents the quantitative analyses of

the effects of the pandemic and studies optimal containment policies; Section 5 concludes.

2 Model

Our model incorporates the evolution of the pandemic and the labor productivity shocks arising
from the pandemic into a general equilibrium Eaton and Kortum (2002) model with multiple

sectors.



2.1 Preference

There are K countries, each of which has an initial population of N;,i € {1,2, ..., K'}. There are J
sectors, each of which consists of a unit continuum of varieties. The final-good consumption of
an individual in country 7 in period ¢, ¢; +, consists of a Cobb—Douglas bundle of sectoral goods:

J

Fj\od
qit = H(%’,t])ala

j=1
and each sectoral good quij is made of a CES composite:
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where qi};;j (w) is the amount of variety w used for final consumption and x > 1 is the elasticity of

substitution. The lifetime utility of an individual (in a dynastic sense) is given by
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where p is the discount factor and u is a concave and strictly increasing function.

2.2 Production

Labor and capital are the fundamental inputs for production, and the production in each sector
potentially uses intermediate inputs from all sectors. Countries differ in their productivities
across sectors and varieties. Production technology exhibits constant returns to scale. Both the
goods and factor markets are perfectly competitive.

Let MZJ +(w) denote the use of the composite intermediate goods by the firms producing vari-
ety w in sector j and country ¢; it is made of a Cobb—Douglas composite:

J
j M,y ~77
Mij,t = H(qi,t ) (2)
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where the sectoral good q% ! is made by the same CES aggregator across varieties as in (1) with
the inputs being q% 7(.). Note that each sector j’s intermediate composite’s expenditure share
on sector I’s good, 7{ 1 is country-specific.

Denote a country-sector-time-specific pandemic shock parameter on the production function
by Bg}t, which will be specified later; for the pre-COVID-19 economy, this term drops out as
Bl{t = 1. The production function of a variety w in sector j and country ¢ is given by
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where L{i (w) and K Z ;(w) are the labor and capital hired for this variety and the Hicks-neutral
productivity zf (w) is drawn i.i.d. from a Fréchet distribution: Pr(z < z) = exp(—Tij 279, where
Tl-j > 0 is the country-sector-specific scaling parameter and 6 > 1 is the shape parameter. The
draws are also independent across countries and sectors.

The trade cost is of the standard iceberg-cost form: to deliver one unit of sector-j variety from
country ¢ to country n, Tf ., > 1 units are required to ship. The unit cost of delivering a good from

country i to country n is ¢ , 7/, /2] ,(w), where
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where w;; and 7;; are country i’s wages and capital rent. Here, C'z]t is indeed the unit cost to
produce a sector j variety under unit productivity. In this environment with perfect competition
and constant returns to scale, prices equal the (delivered) marginal costs, and each country n
buys from the cheapest source: pzm(w) = min; {CZtTZj ! zf;t(w)}. Standard derivations yield the

price indices of the sectoral goods Pgt, those of the final consumption goods P;;, and those of

the sectoral intermediate goods Pg’] , respectively:
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2.3 Pandemic and Economy

We incorporate a standard epidemiological model, i.e., an SIRD model, as follows. At any pe-
riod t, the population of country i, N;, consists of people who are Susceptible (S;, have not
been exposed to the disease), Infectious (I; ¢, have contracted the disease), Recovered (R, +, have
recovered and are immune), and Deceased (D;;, died from the disease). As we abstract away

from population growth, N; = S; ; + I; s + R;; + D; ;. The epidemiology is characterized by

Sity1 =St —Tis + 7Ry
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where 7" and wgt are the probabilities of recovering and dying from the infectious state, respec-
tively, 7° is the probability of losing immunity for the recovered, and 7} ; is the number of newly
infected people. To capture the fact that the strain of the number of infectious people on the

medical system generally increases the mortality rate 7¢,, we assume ¢, = 7 + §1; ;/N;, where



§ > 0 and 7 is the base mortality rate. This linear form is also assumed by Alvarez et al. (2021).
Next, we link the SIRD model back to our economic environment. As deaths reduce the labor
force and infections negatively affect individuals’ labor supply, the effective labor force at time ¢

is
Liz=Sit+ Riy+a' Iy, (6)

where a fraction 1 — o/ of labor time is lost from contracting the disease.

Let ug € [0,1] be the capacity to work from home for sector j in country i, and let ;; €
[0,1] be the degree of the containment measure in country ¢ at time ¢; 7;,; = 1 means a total
lockdown whereas 7; ; = 0 means totally laissez-faire, but a containment policy can be anywhere
in between. Assume that during a pandemic, workers who can work from home (the fraction of
such workers is ug ) work from home regardless of the containment policy, but for those workers
who are unable to work from home, they must still meet in workplaces if allowed. If a country’s
containment measure is 7; , then a fraction n; ;(1 — ,ug ) of workers are locked away. Only those
who are not locked away still meet; the fraction of such workers is (1 —7;;)(1 — ug ). Assume that
the containment measure also applies to interactions in general activities. The number of newly
infected individuals is given by

(U= mia)ml Sualia + < 3700 [(1= i) (1= )6, | il

n,t = Nz ) (7)

where Eg’t is sector j’s employment share in country i at time ¢, and 7> and 7/ are the infection
rates from interactions at workplaces and from general activities other than working, respec-
tively. Similar forms have been used in Eichenbaum et al. (2021) and Jones et al. (2021). The
key difference between our study and these macroeconomic models is that instead of focusing
on how households react to the pandemic by cutting their consumption and labor supply, we
expand in the country and sector dimensions to study how sectoral employment shares {éft} re-
act to changing circumstances of containment policies, augmented by the sectoral WFH capacity,
and subsequently affect the speed of disease spread.

As the effective labor time supplied per worker in sector j and country i is reduced to ,ug +
(1 = 7)1 — i) =1 —ni4(1 — i), the employers can pay the full wages even when workers’
effective time supplied is reduced or they can choose to lay off workers or hire part-time. In the
former case, employers absorb the shocks directly, whereas the workers absorb the shocks in the
latter case. Both scenarios are present in reality, and their effects are similar. To keep the model
tractable, we focus on the former case. Thus, the pandemic-shock parameter in the production
function (3) is sz,t =1-mi(1— F‘Z ) € [0, 1]. In the case where 7; ; = 0 (as would be the case when

there is no pandemic or when a laissez-faire policy is adopted), Bf;t =1

7



Observing (3) and (7), a more stringent containment measure (higher 7; ;) reduces infections
but hurts production; both effects are mitigated if the sector of concern has a larger WFH ca-
pacity. Both effects also differ across countries due to the differences in infection probabilities
{nl,7F} and country-specific production parameters. The international division of labor re-
flected by {K{t} provides an endogenous source of cross-country heterogeneity in the rate of trans-
mission. We allow for 7/ and 7 to differ across countries because these may reflect country-
specific environments, such as geography, climate, or culture, that potentially affect the rate of
disease transmission given the same intensity of interactions in workplaces and in general.

Assuming x < 6 + 1, the price index of a sectoral good is given by

K . . . —0
37 (i) ] : ®)
=1

=

sz,t:C

where ¢ = [[' (2H=5)] Y (l_n), and the expenditure share of sector-j goods that country n pur-
chases from country i is given by
il N\
71—i,n,t = K . . . 0" (9)
T (i)

Importantly, note that the effect of the pandemic shock Bé , is already incorporated in czt as in

().

Containment policies combined with WFH capacity create temporary shifts in comparative

advantages during the pandemic. If all countries adopt the same containment policy, a country ¢
gains a comparative advantage in those high ,ug sectors as the corresponding Bf’t’s are larger.
This means that a country’s containment policy affects its own and other countries’ distributions of
sectoral employment. Subsequently, their rates of disease spread change, thus affecting the labor
supply (and hence wages and comparative advantages) in the next period. Such a cross-country
externality of containment policies cannot be captured in a closed-economy model. Moreover,
this model is not a Caliendo-Parro model repeatedly shocked by a disease evolution that runs
independently. Instead, it features a dynamic mechanism in which the economic situations also
change the speed of disease spread.

Here, we can already comment on the potential roles of international trade during the pan-
demic. First, besides trade being a more efficient scheme, it may dampen the adverse effects of
containment measures on the economy because it amplifies the expansion of the WFH sectors,
which are less subject to these measures, relative to the expansion in an autarkic world. Second,
when the economy shifts its weight toward WFH sectors, the sectoral employment shares éit

of these sectors increase. Thus, infections through interactions in workplaces are reduced, as is

8



evident from the second term in the numerator of (7). Because trade amplifies the expansion of
WFH sectors during the pandemic relative to autarky, it is expected to help reduce infections

and hence total deaths.

24 Equilibrium

Let R{ , denote the total revenue of country i’s sector j, Xit denote the total expenditure of

country n on goods in sector j, and X, ; denote the total expenditure of country n. By definition,

Rg’t =K fn +Xn ¢ The labor and capital market clearing conditions are therefore
J . .
witLig =) 7R}, = Z ZB T i X (10)
j=1 j=1n=1
szt—Zﬂ TR, 226 Il i X3 (11)
j=1n=1

Following Caliendo et al. (2019), we incorporate the observed trade imbalance. In each country 7,
local capital is owned by immobile rentiers, and rentiers send all rents to a global portfolio and
then receive a fixed share ¢; from the global portfolio. Let Y; ; be the total income of country ¢ at
time ¢, satisfying

K
Yii = wiiLiy + @i Z Tnt K n. (12)

n=1

By the definition of X7, ', producers also spend shares of costs in purchasing intermediate inputs

from various sectors; total expenditure X J ;¢ 1S given by

J K
X}, =alYi + > -l = Al XL (13)

1=1 n=1
Note that in this model with trade imbalances, the total revenue of a country may differ from its
total income, which is its total expenditure on final goods. Thus, a country has a trade deficit
if its total income Y;; is larger than its total revenue (Z}]:1 Rit) net of its total purchases on
intermediate inputs (the second term on the right-hand side of [13]).
A brief description of the equilibrium algorithm is given as follows; the detailed algorithm

2

is relegated to the online appendix.© We first solve the equilibrium at time ¢ given the SIRD

Objects {Sit, Lit, RZ- +, D} and {L; .} from (6). Given wages and rental prices of capital {w; ¢, i},
{cl,, Py, P!, PN 7l X]} are obtained from (4), (5), (8), (9), and (13). Equilibrium wages

and rental prices of capital are obtained from (10) and (11). In particular, sectoral employment

shares are computed by Ef”t ’J RJ +/ [Zl 1 ﬁL lRﬁt Then, the next-period SIRD objects are

*The online appendix is available at https: //wthsu. com.
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obtained from the law of motion specified in Section 2.3 with the number of newly infected {7} ; }

given by (7).

2.5 Welfare

A pandemic poses uncertainty to individuals as to how one will fare in terms of the compart-
ments {S;;, I+, Ri+, Di+}. For a country ¢, its welfare is measured by the sum of individual ex-
pected lifetime utility in which everyone’s probability of falling into each compartment is given
by the fraction of people in that compartment. Note that this probability is unconditional when
viewed at time 0.
The welfare of country i is given by
00

w; ¢ + by alw;y +b;
U=> p [(Sz‘,t + Rit)u <ztpt”> + Ligu (Zptt”> + Ditu (0)] ; (14)
=0 b N

where

b, — Y22 EnN:1 Kn,trn,t
vt Sit+Riy+ 1y

is country i’s capital income per capita. Note that the concavity of u reflects the degree of risk
aversion. This formulation treats an individual’s death as a complete loss of labor, which implies
zero income and hence zero consumption. If (0) = 0, then the loss from death is simply the loss
of utility from the other two outcomes before one’s death. When u(0) # 0, its value actually
reflects the psychological cost that one may have toward death. As it is difficult to calibrate
psychological costs, we set u(0) = 0 for a relatively clear benchmark. In most cases, it is easy
to predict the direction of how our results change when psychological costs are incorporated.

When u is linear, i.e., the risk-neutral case, a country i’s welfare actually becomes the present
N
Wit Lig +©i > peq Kn it
Py

value of aggregate real income: U; = Y ;2 p'

The global welfare is defined analogously:

U

M=

U;

<.
I
—

s

o~ it + b Twi g+ bi
>0 (S + Rig)u (“’ t ’t) + I (O‘ Wit ’t> + D (0)].  (15)
et P, P

(2

As U is already the aggregate welfare that takes into account the population in country i, the

global welfare is simply the sum of individual countries” welfare.
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3 Calibration

This section describes how we quantify the model. We first present the calibration for the inter-
national trade model and then discuss how to calibrate the epidemiological parameters. More

details of the quantification are relegated to Appendix A.

3.1 Economic Parameters

For our quantitative analyses, we set the per-period utility as

(g+1)77 -1
1—0 '

u(q) =
We choose this functional form for three reasons. First, this specification is similar to the CRRA
(constant relative risk aversion) utility if the term ¢ + 1 is replaced with g. Thus, it is approx-
imately CRRA when g is large; the parameter o measures the degree of relative risk aversion.
Second, «(0) = 0, which satisfies our requirement to leave psychological costs out of the model;
note that the exact CRRA utility entails lim, ,ou(¢) — —oo when ¢ > 1 and is therefore not
implementable. Third, 0 = 0 corresponds to the risk-neutral case. Following Low and Pistaferri
(2015), the relative risk aversion o is set to 1.5. Following Farboodi et al. (2021), we set the annual
discount factor as 0.95. Therefore, the daily discount factor is p = 0.95365 ~ 0.99986. As will be
explained below, we will simulate the economic module of the model at a quarterly frequency;
thus, in our computation, the economic module repeats for 90-92 days with the daily discount
factor being applied.

The economic environment is calibrated to the world economy prior to the COVID-19 pan-
demic using the World Input-Output Database (WIOD) and Centre d’Etudes Prospectives et
d’Informations Internationales (CEPII) data. There are 41 countries in this data set. We aggre-
gate the 56 WIOD industries into six sectors (one primary sector, three manufacturing sectors,
and two service sectors distinguished by high skill and low skill). Hence, K = 41 and J = 6.

The share parameters {a{ } in the utility and production functions are calibrated using the
input-output information in the WIOD. With data on total capital compensation for each country
from the Social Economic Account (SEA) in the WIOD, the country-specific portfolio shares {cpf }
are calibrated to fit trade imbalances. Given the data on trade shares and geography from the
WIOD and CEPII, the model’s gravity equations and hence trade costs {TZJ .} can be estimated.
Following Simonovska and Waugh (2014), we set the value of trade elasticity § = 4. Given trade
elasticity, estimated trade costs, the share parameters {af }, and data on wages obtained from the
SEA, the productivity parameters {TZJ } can then be backed out using the model structure, as in
Fieler (2011) and Ravikumar et al. (2019).

11



The values of WFH capacity { ,ug } are obtained from Dingel and Neiman (2020), who com-
pute such capacity by occupation and then aggregate to NAICS industries. We map their 3-
digit NAICS results to WIOD industries and our aggregate sectors. The containment measures
{ni+} are obtained from the Stringency Index of the Oxford COVID-19 Government Response
Tracker (OxCGRT; Hale et al. 2020) at a daily frequency. This index summarizes a government’s
responses in terms of various closures and containment measures, including school and work-
place closures, stay-at-home requirements, border control, and restrictions on gatherings, public

events, public transport, and internal movements, as well as public information campaigns.

3.2 Epidemiological Parameters

Next, we turn to the epidemiological parameters {", 7, 7%, 8, 7/, 7l ol I, o}. Note that recov-
ery rate 7", death rate 7, reinfection rate 7%, medical preparedness §, and reduction in produc-
tivity o! are the same across countries, while 7/ and 77, the infection rates from workplace and
general activities, are country-specific. We now describe how these parameter values are set.

For the parameter values that are the same across countries, we follow the choices in the
literature. As in Atkeson (2020) and several other macro-SIRD models, we set 7" + 7¢ = 1/18,
which means that it takes on average 18 days to either recover or die from the infection. The case
mortality rate is set at 7¢ = 0.016 x 1. According to Helfand et al. (2022), we set 7° = 0.476%.
Following Alvarez et al. (2021), we set 6 = 0.05 x %. As a WHO (2020) COVID-19 Situation
Report indicates that asymptomatic and mild cases account for about 80% of the infections, we
seta! = 0.8.

As for parameters that are country-specific, we describe how to calibrate them. For our pur-
pose, it is important to account for the variations in the rate of disease reproduction across coun-
tries, the key parameters for which are the two infection probabilities {7/, 7/} in (7). Also, for
the epidemiological evolution to commence, an estimate of I; is required (as S;o = N; — Lo
and R; o = D; o = 0); I; o is generally unknown and must be estimated because the society might
be unaware of, unprepared for, or on low alert for the disease so that the number of the first few
reported cases may be quite off. From the SIRD module of the model, we can simulate daily
time series of the cumulative total death for each country during the pandemic. The time period
of the pandemic is set to be the entire two years of 2020 and 2021, the reasons for which will
be explained shortly. For each country, parameters {n!, 7L, I; o} are estimated by the non-linear
least squares method that minimizes the sum of squared distance in the cumulative total deaths
between data and model. The data on total deaths is downloaded from the Humanitarian Data

Exchange website.> Our estimated model fits the data reasonably well, as the cross-country av-

3See Dong et al. (2020) (https://data.humdata.org/dataset/novel-coronavirus-2019-ncov-cases) for data.
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Figure 1: Effective Reproduction Number R, ; and Basic Reproduction Number Ry ;

erage of the normalized root-mean-square deviation (NRMSD, which is an inverse measure of
model fit) is 0.25 (the average R? is 0.87).

Note that we choose to match the total deaths over time because the numbers of total con-
firmed cases are noisier and do not fully reflect actual total infections. We have a calibrated ver-
sion that is based on the total confirmed cases, and the results are qualitatively similar. Also, note
that cultural and institutional factors may simultaneously affect the two infection rates. Even
though, theoretically, the two infection rates 7/ and 7/ are independent, our calibration strategy
already connects the two infection rates tightly, because we borrow the results in Eichenbaum
et al. (2021) and assume that 1/3 of the infections come from workplaces and 2/3 from general
activities. Thus, both calibrated rates are higher for a country with more infections and deaths.

We regard the pandemic period as the two years from January 1, 2020 to the end of 2021.
The reasons are mainly three-fold. First, the Omicron variant, which is much more contagious
than the previous strains and hence replaces them, is much less lethal. The Omicron variant
was discovered in South Africa in early November 2021 and spread to the entire world in two
months. Second, various cures became available around late 2021 and early 2022.* Third, mass
vaccinations and cumulative infections have helped establish certain degrees of immunity. Due
to these reasons, most countries have adopted a “living with COVID-19” policy and abolished

most containment measures.

3.3 Reproduction Numbers and Model Fits

We now discuss certain implications of the calibration that are of interest. First, note that a key

object in epidemiology is the effective reproduction number R ;:, which is the number of cases

4For example, Paxlovid was authorized in the US and EU in December 2021 and January 2022, respectively.
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directly generated from one case, is given by

J
T o S.
Reir= Il’t X 18 = (1 —n;y) | 7wl +nl x g (1 — )], | x 18 x —]\Zf’t. (16)

it , i
b j:1

To further understand the significance of R, ;;, note that the expression in brackets is actually
the rate of transmission (the rate of getting infected from susceptible people); when this rate is
divided by the rate of leaving the infectious compartment, 1/18, it entails the number of cases
directly generated from one case at the onset of the disease and without government intervention
(so Sit/N;j = 1and 1 — n;y = 1). This is actually the famous basic reproduction number Ry,
although in our model it is actually country-specific and time-varying (denoted as Ry ;) due
to cross-country differences in {r/, 7 Eit} and the time variability in Kg’t. Then, the effective
number of cases generated directly from one case is the product of Ry ;; and the fraction of
“effective” susceptible people given by (1 — 7;+)S;i +/Ni+.

From (16), it is easy to understand two main strategies for combating the disease. One ap-
proach is to impose sufficiently stringent containment measures so that the effective reproduc-
tion number goes below 1, in which case the disease spread slows down, and to wait for vaccines.
The second approach is to use various ways to “protect the vulnerable” while letting the disease
spread faster in the hope of herd immunity. In the first approach, 1 — 7; ; remains low, but the
fraction of susceptible in the population remains high; this approach would not be feasible with-
out reasonable prospects for vaccines in the near future. In the second approach, 1 — 7;; is high,
but S;;/N; goes down faster and when S;;/N; is so low that R.;; < 1 even when there is no
containment measure (7; ; = 0), herd immunity is reached.

Figure 1 shows the over-time average of both Ry;; and R.;; for each country. There is
considerable cross-country variation in the basic reproduction number, ranging from slightly
below 2 to slightly above 4. However, when it comes to the effective reproduction number, the
variation is much smaller. Most importantly, the scale of average R.;; is much smaller than
that of average Ry, with the former being close and slightly below 1 for most countries. This
indicates a strong containment effort from governments across the globe to slow the spread of
the disease.

Finally, we demonstrate the model fit of the economic side of our calibration. As one of
the main goals is to study the role of international trade, it is important to check whether our
model does a reasonable job of matching the observed cross-section of trade shares. Figure 2
plots bilateral trade shares generated using the model against those observed in the data. The
NRMSD is 0.17. This suggests that our model captures pre-pandemic trade flows reasonably

well.
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Figure 2: Bilateral Trade Fit

4 Counterfactual Experiments

Using the calibrated model, this section conducts a series of counterfactual experiments, focusing
on (1) the effects of pandemic shocks, (2) the role of international trade in such effects, (3) optimal
containment policies, and (4) the role of international trade in determining optimal policies.

We now describe the simulation environment. The economy starts on January 1, 2020 (¢ = 0),
at the pre-COVID-19 state. Assume that the disease for a country ¢ starts at the date on which
the total confirmed cases in the data exceed 50; this date is denoted as ;. Then, the estimated
I; o is applied to the previous day (¢; — 1); for all days between January 1, 2020 and that previous
day, I;; = R;y = D;; = 0 and S;; = N;;. From date t;, the disease evolution follows the law of
motion described in Section 2.3.

While we simulate the disease evolution daily, the economy is simulated quarterly to capture
the fact that labor adjustment across sectors takes time. Let 7; o denote the average of {7;}+cq
for quarter Q. Then, the pandemic shock BZ{Q =1—nig(1 — 1) is fed into the model quarterly.
While L;; evolves daily according to the laws of motion in Section 2.3, L; g as the quarterly
average of L;; for t € ( is fed into the economic module of the model.

As discussed in Section 3.3, we assume the pandemic ended at the end of 2021. For dates after
January 1, 2022, we let 7V = 7! = 0; thus the effective reproduction number also becomes zero.
Containment measures are also scrapped from January 1, 2022. Note that the disease evolution
does not immediately end at t = 730, as it takes some time for infectious people to move to
the next state (recovery or death). Therefore, the global economy will gradually move toward a
new steady state, in which each country has fewer people than in the pre-COVID economy. We
simulate the evolution of the economy until the end of 2022 to ensure the economy is close to the

new steady state. For the welfare for the periods since 2023, the net present value is taken at the
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Figure 3: Welfare and Real-Income Losses under Trade
beginning of 2023.

4.1 Welfare and Income Losses Due to the Pandemic in the Global Economy

We first examine the losses in welfare and real income due to the pandemic shocks by comparing
the economy under these shocks (which are inclusive of the disease dynamics, containment poli-
cies, and WFH capacity) with an economy that runs as if there were no such shock from January
1, 2020 to the end of 2021. In Figure 3, the x-axis contains country labels, and the percentage
change (loss) compared to the case without a pandemic is on the y-axis. The shorter the bar, the
less impact this pandemic has.

The simple and population-weighted averages of losses in real income are 2.37% and 2.73%,
respectively. Recall that the losses are measured in terms of the discounted sums when time is
taken to infinity as in (B.5); thus such losses due to only two years of the pandemic are sub-
stantial. As the weight is by population, this difference in the two averages indicates that large
countries suffer more in general; this is also clear from the figure. The simple and population-
weighted averages of the welfare losses are 1.63% and 2.34%, respectively. Again, larger coun-
tries tend to suffer more. The variation in welfare loss is larger than that in real-income losses;
the coefficients of variation are 0.26 and 0.09, respectively. Because risk-averse agents prefer
smoother consumption paths, the cross-country differences in time volatility of these paths in-
duce a larger variation in welfare loss than in real-income loss. In addition, a poor country’s
welfare loss for the same real-income loss is larger than a rich country’s because of decreasing
marginal utility under a concave utility function. Thus, cross-country income differences may
also contribute to the larger variation in welfare losses.

Next, we examine the role of international trade in the above-analyzed effects. We are in-

terested in knowing whether trade mitigates or amplifies the losses from COVID shocks. To

16



[ trade B autarky

3.0
2.5 1
& 2.0
E
2
ERER
(5]
E:
1.0 1
0.5 1
0.0 -
B ZEZANDMAEERZ XD >ZZAOd<ZEDXIXAXIdEDD2MZEx<
Z2a 3530000 EAEBEEBEEZR2EER05 328220802203k %2
(a) Welfare Losses (%) Between Trade and Autarky
[ trade B autarky
35
3.0 4

= g N
n =} [
1 1 1

real consumption loss (%)

—
(=]
1

0.5

0.0 —
L E X<z EZ&dD M <X U >ZZAdLCZEDRIKAZIED2NMZEAXI
2 D@0 == ~ N @ LU E x@xx % E Ok 0 20 0 =] D v
<t<mmméUEUUQEmmu‘LOOIEEE"‘“"'M—IBEEZZ"—‘-"“%M%%EED

(b) Real-Income Losses (%) Between Trade and Autarky

Figure 4: Welfare and Real-Income Losses: The Role of Trade

highlight the role of trade, we compare the above results from the benchmark model with those
from the model where all countries are in autarky. The weighted average of welfare and real-
income losses under autarky are 2.64 and 2.95, respectively. These numbers are larger than those
under trade (2.73% and 2.34%), indicating that trade mitigates the losses from the pandemic
shocks, overall speaking. There exist large cross-country variations, as seen in Figures 4a and 4b.
Among 41 countries, 34 countries have a smaller welfare loss under trade than under autarky;,
while 19 have a smaller real-income loss under trade than under autarky. Despite trade being
a more efficient scheme than autarky, the system of trade can worsen a country’s real-income

loss if its terms of trade worsen significantly during the pandemic. Nevertheless, trade mitigates
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Figure 6: Cumulative Deaths Between Trade and Autarky Over Time

welfare losses for a majority of countries because it smooths the time path of real income (which
is real consumption).

Last, we consider whether and how trade mitigates or amplifies the health impact of the pan-
demic. Figure 6 presents the total deaths over time under trade (plotted using a dashed line) and
in autarky (plotted using a solid line).” Clearly, there are fewer total deaths under trade than
under autarky. Trade reduces the number of total deaths by 11.7%. The intuition is as follows.
The pandemic shocks differ across countries and sectors, and thus they create temporary shifts in
comparative advantages. Our model shows that a country-sector pair becomes relatively more
competitive during the pandemic if it had a greater WFH capacity and less stringent contain-
ment measures. Trade amplifies these new competitive edges. Hence, while country-sector pairs
with relatively higher WFH capability expand during the pandemic, trade amplifies the expan-
sions even further. Through trade and international specialization, people, in general, are less
likely to work onsite; as a result, the disease is less likely to spread via face-to-face interaction in

workplaces.

4.2 Optimal Containment Policy

After showing the role of international trade during the pandemic, the next question concerns
the governments’ roles in a pandemic. In this subsection, we will discuss the results of optimal

containment policies.

>The pattern for the total confirmed cases is similar and hence not presented here.
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421 Procedure for Computing Optimal Containment Policies

We first define the policy tool that each government will utilize. Theoretically, the governments
of each country could choose a path of containment policies over time. However, the computa-
tional burden of finding entire paths of optimal containment policies for all countries is rather
heavy. To tackle this problem, we assume governments target effective reproduction numbers.
In other words, we assume that each government chooses an effective reproductive number,
given other countries” chosen effective reproductive numbers. The government adjusts its con-
tainment measures accordingly. The equilibrium we find here is essentially a Nash equilibrium
because a country’s decision is made given other countries” decisions.

The effective reproductive number is a reasonable target/representation as it reflects the
speed of disease spread and is the central concern for epidemiologists and doctors who lead
government responses. In addition, targeting an effective reproduction number implies that the
containment measures should be stringent initially and gradually relaxed over time, which is in
line with a pattern found in several recent studies in the macroeconomic literature focusing on
the dynamics of optimal policies in closed-economy contexts; see, e.g., Alvarez et al. (2021) and
Jones et al. (2021). This is because the fraction of susceptible people in the population, S;/N;,
diminishes over time; with a fixed target for R, ;, this implies that containment measures 7;
generally decrease over time, provided that the over-time variability of Ry ;; is modest.

We now describe the procedure for calculating the optimal policies. Specifically, we imple-
ment the computations in two steps: we first compute the global uniform policies and then
individual countries’ policies. Solving in two steps makes it feasible to derive the optimal policy
by reducing the computational burden.

In the first step, we consider a simpler problem in which a global social planner chooses an
effective reproduction number R, that applies to all countries such that the global welfare is
maximized. Given a chosen R, all countries set up their containment policies 7; ; to match R.,

whenever possible. Namely, for each country 4, {7; ;} 120, satisfy

95)

it
N;

J
Rejit = (1—17i4) w47y Z(l - M?)fg,t x 18 x
=1

< R, (17)

where the equality holds if a positive solution of 7; ; exists; otherwise 7, ; = 0 and the inequality
holds. Also, 7+ = 74 for t < t;‘,é and 7;; = 0 for ¢t > 730. The goal of the social planner is
to maximize long-run global welfare specified in (15); the optimal solution is denoted as R}. In

our simulation, because the economy is solved quarterly and the disease dynamics are solved

®Note that it is possible that for those days between January 1, 2020 and the onset of the disease evolution, a

country may already adopt containment measures such as border control.
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Figure 7: Benchmark Effective Reproduction Number R.; and Optimal Effective Reproduction
Number Rf ;

daily, sectoral employment shares ¢/ ;+ stay the same throughout a quarter while the containment
policies 7; ; are updated daily according to (15).

Given the R} calculated in the first step, the second step is to compute each country’s optimal
policy. The information from the first step is useful for our algorithm of finding a Nash equilib-
rium of optimal national policies. In particular, we find that the plots of individual countries’
welfare against R, exhibit similar shapes to that of global welfare. Moreover, we find that the
effective reproduction number under which the highest welfare for each country is attained is
rather close to R}. Thus, these numbers are chosen as the initial guess for the iterations for find-
ing a Nash equilibrium, i.e., a fixed point of best responses (optimal national policies). Given
the above findings from the first step, we generally expect that the optimal R ; for each national
planner is likely to be found in the neighborhood of the initial guess. Therefore, in our grid
search, the grids are much denser in that neighborhood and sparser far away from it. This sub-
stantially eases the computational burden. Still, the grid search covers the entire range from a

total lockdown to a laissez-faire policy.

4.2.2 Characterization of Optimal Policies

Figure 7 shows the optimal R:,i compared with the average effective reproduction number Re,i
(the over-time average of realized {R.;.} as reported in Figure 1). We make the following two
observations. First, the R; ;’s for all countries except China are less than their corresponding av-
erage effective reproduction numbers in the benchmark model. This means that for all countries

except China, the containment measures should be stricter than those actually adopted. Second,
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Figure 8: Comparison of Optimal Policies between Trade and Autarky

the optimal R ;’s so computed should be interpreted as the upper bounds because we intention-
ally leave out the psychological cost of mortality. Once this cost is incorporated, optimal effective
reproduction numbers should be even smaller; hence the containment measures should be even
stricter.

What is the role of trade in optimal policies? To answer this question, we examine how the
optimal policies differ in a world where every country is in autarky. Note that this exercise actu-
ally computes the optimal policies by simulating the counterfactual case in which each country is
in a closed economy. Figure 8 shows the change in optimal R ; when the economy switches from
an open economy to a closed economy. A positive (negative) number in this figure means that
the optimal containment measure for this country should be more (less) stringent under trade
than under autarky. It turns out this number is positive for all countries except India, Japan, and
Turkey. This indicates that optimal containment policies are generally tighter with trade than in
autarky. To understand this result, note that trade acts as a buffer from pandemic shocks in terms
of welfare due to three channels. First, it provides a buffer from real-income losses on average
(Figure 4b); second, it smooths consumption paths (comparison between the two panels of Fig-
ure 4a and 4b); third, it saves lives (Figure 6). The first two channels are economic benefits, while
the third is health benefits. If the third is stronger than the first two combined, optimal policies
can be looser. The result indicates that the first two channels actually dominate the third. In
other words, trade provides governments with more headroom in terms of economic benefits;
hence they can implement stricter containment measures under trade than under autarky.

To further examine the role of trade in terms of the magnitudes of welfare improvements, we

21



calculate the relative difference in absolute value for each country as follows:

|Welfare Improvement under Autarky - Welfare Improvement under Trade|
Welfare Improvement under Trade '

The average relative difference is 1.47. The corresponding standard deviation for the relative
difference is 3.21, indicating large variations across countries. Thus, incorporating trade is both
qualitatively and quantitatively important in determining the optimal policy.

One distinctive feature of the containment measures is that they are mostly restrictions on
interpersonal interactions, which adversely affect production by curbing the usage of labor. Our
model is a full-fledged one that incorporates capital (of which the cross-country differences in
ownership account for the trade deficits) and input-output linkages. Both of these reduce the
impact of containment measures on the economy. We are interested in learning how much these
factors affect optimal containment policies. For this purpose, we simulate the economy and
compute optimal containment policies in the following two cases: (1) capital and trade deficits
are removed from the model, but input-output linkages are kept; (2) both capital (and hence

trade deficits) and input-output linkages are removed.

Table 1: Optimal Policies in Different Settings

Benchmark  No capital No capital &

No IO linkages
Average R; ; 0.699 0.853 0.874
Average (weighted) Ry ; 0.777 0.857 0.873

Table 1 reports the cross-country simple average and population-weighted average of the
optimal R ; in the above-mentioned two cases and the benchmark case. When the model is
reduced to using labor without intermediate inputs or capital, the average R ; is around 0.87,
which is much higher than the benchmark case. In the intermediate case where input-output
linkages are present but capital is not, the average R ; is around 0.85, which falls between the
benchmark case and the case where none of the two factors are present. These indicate that both
factors dampen the negative economic effects of the containment measures as they mutffle the
role of labor, and these dampening effects allow the national planners to impose stricter contain-
ment policies. Between the two factors, the results indicate that capital plays a more important
role than input-output linkages. While input-output linkages reduce the importance of labor and
hence dampen pandemic shocks, they may amplify the negative effect of these shocks because
they can propagate these shocks across sectors and countries. This latter countervailing effect of

input-output linkages is likely the reason behind the smaller role of these linkages.

22



4.3 Sensitivity Analysis

In this subsection, we conduct a series of sensitivity analyses to examine how our results in
Section 4.1 (the welfare and income losses and the role of trade) are affected by certain key

assumptions and parameters.

4.3.1 Input-Output Linkages and Capital

As we have examined the roles of capital (and hence trade deficits) and input-output linkages in
determining optimal containment policies, we are also interested in learning how these factors
affect welfare/income losses and the role of trade openness. Similar to Table 1, we simulate
the case without capital and that without capital or input-output linkages, respectively. The
results are shown in the second and third rows of Table 2. To compare with the benchmark
(the first row of the table) in order to understand the roles of these factors, it is easier to start
from the case with neither capital nor input-output linkages. Comparing the case of no capital
with this case reveals the effect of adding input-output linkages to the model. As mentioned in
the previous subsection, input-output linkages may either amplify or dampen pandemic shocks.
The result indicates that the negative effect that the pandemic shocks are amplified through the
input-output linkages dominates the positive effect of the role of labor (and hence containment
measures) are dampened due to the presence of input-output linkages. Comparing the case of no
capital with the benchmark case reveals the effect of adding capital (and hence trade imbalances)
to the model. Here, we see that the welfare and real-income losses are substantially reduced,
indicating that capital plays an important role in dampening pandemic shocks by reducing the
role of labor. This positive effect of capital is so large that it overcomes the above-mentioned net
negative effect of input-output linkages.

Similar to our analysis in Section 4.1, we also examine how much trade acts as a buffer to
welfare losses and total deaths. Specifically, the former is calculated as the percentage reduction
of the population-weighted average of welfare loss under trade from that under autarky; the
latter is calculated as the percentage reduction of global total death under trade from that under
autarky. Comparing the second and third rows of Table 2, trade is a slightly better buffer to
welfare loss or total deaths when input-output linkages are present. Trade is a better buffer
with input-output linkages because countries with severe disease spread and hence stringent
containment measures can source both their consumption and production from those countries
that are less negatively affected. The reduction in domestic production in these countries helps
reduce total deaths by reducing workplace transmissions. Comparing the first and second rows,

trade is a much better buffer to welfare loss or total deaths when capital is further incorporated
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Table 2: Sensitivity Analysis

Trade as a buffer to

Cases Welfare loss (%) Income loss (%) Welfare loss (%) Total deaths (%)
Benchmark 2.34 2.73 11.6 11.7
No capital 4.55 4.58 1.5 94
No capital & no IO linkages 422 4.44 1.16 9.31
Income support 2.29 2.67 13.4 12.2
No re-infection (7° = 0) 2.30 2.69 121 114
Mortality rate = 1% 231 2.71 11.9 12.0
Mortality rate = 3% 2.38 2.76 11.2 11.3
0.9*Ro 2.26 2.66 124 4.8
1.1*Ry ; 2.63 2.99 9.8 10.5

into the model. As the presence of capital reduces the role of labor and hence the negative
impacts of containment measures, trade seems to complement this effect to smooth consumption
paths (so welfare loss is reduced) and amplify WFH production (so more deaths are avoided)

even more.

4.3.2 Income Support Programs

Our benchmark model does not consider income support programs that have been introduced
by various countries for those who lost their income due to the disease or containment measures.
To examine how our results may be affected by income support programs, we extend the model
to allow for such programs; the details of the model and results are provided in Appendix B. Be-
cause these programs can be quite complex and vary substantially across countries, an extension
accounting for such programs must attempt to capture the essential elements while keeping the
model and computation tractable. Our approach is to take advantage of the model feature that
an international fund owns capital across the globe. Governments can borrow from this fund
to finance their income support measures and must repay the debts during the post-COVID
periods. The key idea here is that income support programs may help smooth consumption,
but borrowing and lending (instead of free lunches) must be introduced to discipline such pro-
grams. There is an income support index from Oxford COVID-19 Government Response Tracker
that provides a rough measure of the fraction of pre-COVID labor income that is compensated
for by the government during the COVID period. We utilize this measure to help account for the
cross-country heterogeneity of income support programs.

It turns out that the welfare losses are rather similar between the model with income support
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programs and the benchmark model. The long-run real income and welfare do not differ much
from the benchmark model as the income support programs are financed by short-term borrow-
ings that need to be repaid during the post-COVID periods. Nevertheless, as we report in Table
2, the weighted average of welfare loss is reduced from 2.34% to 2.29%, while the weighted av-
erage of real-income loss is reduced from 2.73% to 2.67%. Despite the slight changes, the income
support programs improve long-run welfare and real income because they smooth consump-
tion. Moreover, we see a clear association that the more a country provides support to lost labor

income during the COVID period, the more it dampens the welfare loss.

4.3.3 Epidemiology

Third, we consider the sensitivity of key epidemiological parameters. We first experiment with a
case where the recovered never lose their immunity and hence there are no re-infections. This is
done by setting 7° = 0. We then gauge how the case mortality rate affects the results by setting
¢ = 0.01 x Tls and 7% = 0.03 x 1—18 (the benchmark is 0.016 x %8). Last, we scale the estimated
Ry ; up and down by 10%. The results are reported from the fifth to the ninth row, respectively.
When there are no re-infections, we see only slight reductions in both welfare and income
losses. It does not greatly affect the importance of trade either. Similar statements can be made
regarding alternative case mortality rates. The effects of basic reproduction numbers Ry ; are
clearly larger. Taken together, the sensitivity analyses on epidemiological parameters indicate
that these parameters are not the driving forces for welfare loss, income loss, and the roles of
trade, even though they can play an important role in influencing health outcomes and total
deaths. One caveat here is that our welfare loss does not incorporate the psychological costs of
death; thus our message on welfare loss is less robust. Still, the message on income loss should

be robust.

4.4 Discussion

In this subsection, we discuss a few related issues and clarify how this paper should be read
from the perspectives of these issues or how the messages of this paper may be influenced.

4.4.1 Vaccines, virus variants, and the uncertainty facing policy makers

First, note that vaccines are difficult to incorporate into the model and calibration explicitly. This
is because vaccine rollout differs drastically across countries and because countries also use dif-
ferent combinations of vaccines, the effectiveness of which also differs. Recall that calibrating

country-specific infection parameters / and 7/ requires simulating the disease dynamics for
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each country. From (16), it is clear that the presence of vaccines affects this simulation process by
changing the number of people who are susceptible (S; ;). Due to the above-mentioned difficul-
ties, it is rather unclear how S; ; is affected by vaccines.

Second, the first batch of vaccines was available around the time when the first dominant
variant, the Alpha variant, wreaked havoc on the world. Whereas new dominant variants carry
different epidemiological properties from the original strain, their properties are difficult to iden-
tify from epidemiological data mainly because the relevant variants co-existed with the vaccines.
As the infection parameters are calibrated using the data of total deaths from the beginning of
the pandemic all the way up to the end of 2021, this effectively calibrates the average epidemi-
ological effects of the original strain, vaccines, and the relevant variants (except the Omicron
variant, as explained in Section 3.2). Thus, our model and exercises should be read with the
understanding that the calibrated infection parameters reflect the average epidemiological ef-
fects. Nevertheless, the main goal of this paper is to study welfare and income losses due to the
pandemic, the role of trade, and optimal containment policies in an open economy. Our sensi-
tivity analyses on epidemiological parameters show that the qualitative and quantitative results
of our main targets are quite robust to these changes in epidemiological parameters, although
these parameters may affect health outcomes substantially.

A related issue is that policymakers faced great uncertainty in the early stages of the pan-
demic. For example, they were still gathering information about the nature of the disease, gaug-
ing the prospects of vaccines and potential virus mutations, and examining the policy tools avail-
able to them. Admittedly, such uncertainty is assumed away as we assume policymakers know
the calibrated epidemiological parameters. In reality, policymakers were obliged to base their
actions on educated guesses made by their epidemiologists and doctors. Nevertheless, our sen-
sitivity analyses of epidemiological parameters amount to providing a range of guesses. The fact
that the qualitative lessons and quantitative magnitudes of our main targets of analysis remain

robust alleviates the concerns regarding the uncertainty facing policymakers.

4.4.2 Trade and international transmission

We have not considered the international transmission of the disease in our model so far. How do
the results change if an international-transmission mechanism is incorporated? To answer this,
we borrow the theoretical results from Antras et al. (2023) and contemplate the potential changes.
The study by Antras et al. (2023) connects international trade with international business travel
and shows that international trade brings about an externality for disease spread. Depending
on the levels of country-specific infection rates and how these rates differ across countries, the

externality brought about by international trade can either slow down or accelerate the global
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disease spread. In the case where the infection rates are high for most countries, a reduction in
trade costs induces a faster rate of infection and accelerates global disease spread. COVID-19 fits
this case.

The effect of incorporating this international-transmission mechanism on optimal contain-
ment policies is likely ambiguous. First, when international travel accelerates the spread of the
disease, optimal containment measures need to be stricter. Second, existing containment mea-
sures may dampen both disease spread and trade simultaneously. Since trade brings a cross-
country externality on disease spread, containment measures can also become more effective
because they depress trade. Thus, optimal containment measures need not be so strict. Based
on the above reasoning, we surmise that the inclusion of international travel has an ambiguous
effect on optimal containment policies in our framework. If border control is further considered,
the above-mentioned externality of trade on disease transmission is reduced, but the ambiguity
is likely to remain.

The positive effects of trade on reducing total deaths is dampened if international transmis-
sions brought about by trade are considered. But again, border control or travel restrictions that
were once widely implemented when the disease spread was in its most severe phase alleviate
the concern due to this countervailing force. Given containment policies, the positive effects
of trade on reducing welfare and income losses are dampened only slightly when international
transmissions are considered. This is because the effects of having international transmissions
are similar to the effects of increasing infection rates. Our sensitivity analyses on epidemiological

parameters suggest that such effects on welfare and income losses are slight.

5 Conclusion

The novelty of this paper relative to the literature is mainly two-fold. First, we combine a stan-
dard epidemiological compartmental model with a quantitative trade model with multiple coun-
tries, multiple sectors, and input-output linkages to evaluate the long-run effects of pandemic
shocks and to study the role of trade in these effects. Second, we use effective reproduction
numbers as policy targets to reduce the space of candidate policies to study optimal contain-
ment policies. Our quantitative analyses prove to be informative; the takeaway messages are as
follows.

First, we find that the long-run welfare and real-income losses due to just two years of pan-
demic shocks are substantial. Second, we demonstrate the importance of international trade,
as it helps buffer both welfare and real-income losses. Moreover, it helps save lives. Third, the

computed optimal policies indicate that most countries should have tightened their containment
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measures relative to what was enacted. Fourth, compared to the case of autarky, the optimal
policy under trade is generally more stringent. This is because international trade helps buffer
real-income losses such that countries can implement stricter containment measures without

significantly reducing real consumption.
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Appendix

A Quantification

Our model consists of two sets of parameters: economic and epidemiological. We describe how

they are calibrated in order.

A.1 Economic Parameters
A.1.1 Risk aversion and time preference

For our quantitative analyses, we set the per-period utility as

u(g) = LT

We choose this functional form for three reasons. First, this specification is similar to the CRRA
(constant relative risk aversion) utility if the term ¢ + 1 is replaced with ¢. Thus, it is approx-
imately CRRA when g is large; the parameter ¢ measures the degree of relative risk aversion.
Second, u(0) = 0, which satisfies our requirement that psychological costs be left out of the
model; note that the exact CRRA utility entails lim,_,o u(q) = —oco when o > 1 and is therefore
not implementable. Third, o = 0 corresponds to the risk-neutral case. Following Low and Pista-
ferri (2015), the relative risk aversion o is set to 1.5. Following Farboodi et al. (2021), we set the

annual discount rate as 0.95; as daily data is used, p = 0.95% ~ 0.99986.

A1l2 WIOD

Our main data source is the World Input-Output Database (WIOD), which contains information
on bilateral trade for intermediates and for final goods for 43 countries and 56 industries. The
country of Malta is dropped as it is not included in the data on containment policy from the
Oxford COVID-19 Government Response Tracker. Taiwan is also dropped as its daily COVID
cases are zero or close to zero for the entire two years of 2020-2021 except for three months in
2021. This entails the estimates of Ry, 74iwan too low to fit the context of an SIRD model. Table A.1
lists the 41 countries in the data. We use the data from the year 2014, the latest available year in
the WIOD, and aggregate 56 industries into six sectors. See Table A.2 for the list of industries
and sectors. Two industries are left out of our aggregation (activities of households as employers
and activities of extraterritorial organizations and bodies) since there is no corresponding WFH
capability in Dingel and Neiman (2020).

Taking data from the SEA, we proxy country-specific wages by dividing total labor com-

pensation by total employment. Similarly, we proxy country-specific rental prices of capital by
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Table A.1: List of countries

ISO-3 code  Country name ISO-3 code  Country name
AUS Australia IND India

AUT Austria IRL Ireland

BEL Belgium ITA Italy

BGR Bulgaria JPN Japan

BRA Brazil KOR Republic of Korea
CAN Canada LTU Lithuania
CHE Switzerland LUX Luxembourg
CHN China LVA Latvia

CYP Cyprus MEX Mexico

CZE Czech Republic NLD Netherlands
DEU Germany NOR Norway

DNK Denmark POL Poland

ESP Spain PRT Portugal

EST Estonia ROU Romania

FIN Finland RUS Russian Federation
FRA France SVK Slovakia

GBR United Kingdom | SVN Slovenia

GRC Greece SWE Sweden

HRV Croatia TUR Turkey

HUN Hungary USA United States
IDN Indonesia

dividing total capital compensation by total nominal capital stock. See Timmer et al. (2015).
These will be used in calibrating the Tij productivity parameters.

Also, from the WIOD, we obtain data on gross production across countries and sectors as well
as each sector j’s use of intermediates across countries and sectors. The data also include sectoral
final consumption across countries. For our model with I-O linkages, we can compute the shares
of intermediate use fyg ! as the shares of total intermediate use by sector j on goods from sector I.
The shares of intermediate in gross output, 1 — @L I BZ.K 7, is calculated by the total intermediate

use divided by the gross production. Similarly, the labor share ﬁiL 7 and capital share BZK 7 are

calculated by total compensation on labor and capital divided by gross production. The final

consumption shares o are computed by total sector-j final consumption divided by the total

final consumption.
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Table A.2: Concordance of WIOD sectors

WIOD description WIOD code  Industry WIOD description WIOD code  Industry

Crop and animal production A01 Agriculture and mining | Wholesale and retail vehicles G45 Non-high-skilled service
Forestry and logging A02 Agriculture and mining | Wholesale trade G46 Non-high-skilled service
Fishing and aquaculture A03 Agriculture and mining | Retail trade G47 Non-high-skilled service
Mining and quarrying B Agriculture and mining | Land transport H49 Non-high-skilled service
Food products, beverages and tobacco products C10-C12 Food and textile Water transport H50 Non-high-skilled service
Textiles, wearing apparel and leather products C13-C15 Food and textile Air transport H51 Non-high-skilled service
Wood and cork Cl6 Resource manufacturing | Warehousing H52 Non-high-skilled service
Paper products c17 Resource manufacturing | Postal activities H53 Non-high-skilled service
Printing and reproduction of recorded media C18 Resource manufacturing | Accommodation and food 1 Non-high-skilled service
Coke and refined petroleum products C19 Resource manufacturing | Publishing 158 High-skilled service
Chemical products C20 Resource manufacturing | Media J59_J60 High-skilled service
Pharmaceutical products C21 Resource manufacturing | Telecommunications Jel High-skilled service
Rubber and plastic products c22 Resource manufacturing | Computer and information J62_J63 High-skilled service
Other non-metallic mineral products C23 Resource manufacturing | Financial services K64 High-skilled service
Basic metals C24 Manufacturing Insurance K65 High-skilled service
Fabricated metal products C25 Manufacturing Auxiliary to financial services K66 High-skilled service
Electronic and optical products C26 Manufacturing Real estate L68 High-skilled service
Electrical equipment c27 Manufacturing Legal and accounting M69_M70  High-skilled service
Machinery and equipment C28 Manufacturing Architectural M71 High-skilled service
Motor vehicles C29 Manufacturing Scientific research M72 High-skilled service
Other transport equipment C30 Manufacturing Advertising M73 High-skilled service
Furniture C31_C32 Manufacturing Other professional M74_M75  High-skilled service
Repair and installation of machinery C33 Non-high-skilled service | Administrative N High-skilled service
Electricity and gas D35 Non-high-skilled service | Public administration 084 High-skilled service
Water supply E36 Non-high-skilled service | Education P85 High-skilled service
Sewerage and waste E37-E39 Non-high-skilled service | Human health and social work Q High-skilled service
Construction F Non-high-skilled service | Other service R_S High-skilled service

A.1.3 Calibrating Portfolio Shares ¢;

We follow the strategy of Caliendo et al. (2019) to calibrate the portfolio shares. First denote D; as
country i’s trade deficit, which is calculated directly from the World Input-Output Table for the
year 2014. Using data on total capital compensation for each location from the SEA, the portfolio
shares are solved

riK; + D;

vi= Ny
ZnN:1 rnKn

Since 27]:[:1 D,, = 0, the portfolio shares satisfy ZnN:1 on = 1.

A.14 Estimation of productivity parameters {Tij } and trade costs {Ti]; "

The model’s gravity equations and hence trade costs {TZJ .} can be estimated given the data on
trade shares and geography from the WIOD and Centre d’Etudes Prospectives et d'Informations
Internationales (CEPII). Following Simonovska and Waugh (2014), we set the value of trade elas-

ticity 0 = 4. Given trade elasticity, estimated trade costs, various share parameters {ozg B %j h,

7
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and data on wages obtained from the SEA, the productivity parameters {TZJ .} can then be backed
out using the model structure. We describe the estimation of trade costs and productivity pa-

rameters in order.

Gravity Equation We use a standard approach in estimating productivity parameters {sz .

and trade costs {sz .} Start with the model’s gravity equation:

. .o\ —0
T/, ()
o,

J
n,t:

j
in,t

Taking the logarithm of both sides, we have

In X7

©,m,t

. oN—6 . . .
= (1}, () 1+ nl(r,) 7] + X, (@) 1]
Assume that trade costs take the functional form below,

—01n Tl-j;n = 1/8 In(dist; ) + l/gcontigm + Vgcomlangm + Vicolonyi,n,

where dist; ,, is the distance between ¢ and n in thousands of kilometers, and contig; ,, equals one
if countries ¢ and n share a border. Analogously, comlang; , and colony; ,, indicate whether two
countries share the same language and colonial historical links. These variables are obtained
from the GeoDist database from the Centre d’Etudes Prospectives et d'Informations Interna-

tionales (CEPII) (see Mayer and Zignago (2011)). Thus, the empirical specification is

= 1/(]) In(dist; ) + Vgcontzg@n + Vgcomlangi,n + Vflcolonyiyn + Df-,t Py DfL’t P4 Eg,n,t'

In X7

7,m,t

Following Silva and Tenreyro (2006) and Head and Mayer (2014) and using the WIOD data
from 2000 to 2014, we apply PPML to estimate the fixed effects model to obtain estimates of

i 1yJhexp
{v, Dk

Uncovering Productivity Parameters We follow the trade literature, in particular Simonovska
and Waugh (2014), and set § = 4. Trade costs {TZ] ,} can be calculated using the estimated coeffi-

cients:

. 198 In(dist; ) + ﬁgcontigi,n + ﬁgcomlangm + ﬁicolonym
Tin = €Xp 3 .

To best proxy the pre-COVID economy, we use the estimated exporter fixed effects in 2014 in or-
der to back out the pre-COVID productivity parameters Tij . Thus, the time subscript is dropped

in the following description about how these parameters are backed out. First, observe that

N , y
TJ = exp(DF7) x (c])’,

(3
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where 027 is the unit cost of production. As mentioned in Appendix A.1.2, wages w; and rental

prices of capital r; are observed from the SEA. Hence,

) . 0
- A 67;LJ 57:}(’] AM,jy1— L.j_pgK.Jj
Ti] = exp(DZ]- exp) % |:wi7datari,data(Pi J)l g : :| (Al)
. J il
PiMd _ H(pil)vi’ (A.2)

=1

Ny -1
pi— F( —l-/{)

The following procedure is used to solve for {le }, as in Fieler (2011) and Ravikumar et al. (2019).

K
~7 M,j\1— L,j_ pK,j 0

Z zdata zdata(P J) b bi ljk] ] . (A3)
=1

Let ¢ index the rounds of iterations, and start with an initial guess of {PZ-M’j (0)}.

i,data’ i,data

0
A~ ~ - L K . .
1. Update productivity: T (§) = exp(D]“") x [wﬁl ’ s pMi ({)1_@;’]_55{’]} :

[ -1
2. Update sectoral price indices: P/ () =T (994_”)

S (i P,
3. Update the price indices of the intermediate-input bundle: PiM Te+1) = Hz [PHOT 7
4. Stop the iterations if
1M (& + 1) — PMI(€)]] < tolerance.
Otherwise, go back to Step 1.

5. Take Tij (€ + 1) as our new estimates of country-sector-specific productivity parameters.

For the model without input-output linkages, the calibration is the same except that ﬁij =

in (A.1) and (A.3) and that (A.2) is not used.

A.1.5 Work-from-home capacity

To measure WFH capacity by industry, we use the data from Dingel and Neiman (2020), who
compute WFH capacity by occupation. We use the data aggregated to the 3-digit NAICS and
adopt the version in which each occupation’s capacity was manually assigned by these authors
by inspecting the definitions of the occupations. Our results remain similar when using the
other version, which is algorithm based. The data was downloaded from https://github.com/
jdingel/DingelNeiman-workathome.

To calculate each WIOD industry’s WFH capacity, we map each WIOD industry to one or
multiple 3-digit NAICS industries according to their definitions. Six WIOD industries map di-
rectly into two-digit NAICS, in which cases the 2-digit NAICS WFH capacity computed by these
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authors are used. When a WIOD industry maps into multiple NAICS industries, we proxy
the WIOD industry’s WFH capacities by the average across the corresponding NAICS indus-
tries weighted by their industrial employment. The industrial employment data is obtained
from the Quarterly Workforce Indicators (QWI) under the LEHD program of the Census Bu-
reau (https://ledextract.ces.census.gov/static/data.html); the fourth quarter of 2014 was
used as our WIOD data is for 2014. By-industry and by-state employment data is obtained from
QWI, and industrial employment is the sum across all states. This procedure creates a {u’} for
WIOD industries.

In our aggregation of WIOD industries into six sectors, the WFH capacity for each country-
sector pair ,ug is computed as the average of these capacities across industries in that sector,

weighted by the industrial employment in that country as obtained from the WIOD data.

A.1.6 Containment measures

The containment measures {7;;} across countries and time are directly obtained from the Strin-
gency Index of the Oxford COVID-19 Government Response Tracker (OxCGRT; Hale et al. 2020)
at a daily frequency. This index summarizes a government’s responses in terms of various clo-
sures and containment, including school and workplace closures, stay-at-home requirements,
border control, and restrictions on gatherings, public events, public transport, and internal move-

ments, as well as public information campaigns.7

A.2 Epidemiological Parameters

The epidemiological parameters to be calibrated are {n", 74,9, 7TZ-I ol Ii0}. As in Atkeson

(2020) and several other macro-SIR models, we set
r d
= A4
"l = (Ad)
which means that it takes on average 18 days to either recover or die from the infection.
The case fatality rate is set at 7 = 0.016 x %.8 According to Helfand et al. (2022), we set
7 = 0.476%.° Following Alvarez et al. (2021), we set § = 0.05 x Tlg- As a WHO (2020) COVID-19

Situation Report indicates that asymptotic and mild cases account for about 80% of the infections,

we set al = 0.8.

"For more details, see Hale et al. (2020) and https://www.bsg.ox.ac.uk/research/research-projects/

coronavirus-government-response-tracker.
8This number is estimated as a case fatality rate. This choice of mortality rate is consistent with our estimation of

key parameters using official data on the number of cases as described below.
‘Helfand et al. (2022) find that for the wild-type and Alpha variant, persons with recent infection had strong

protection against symptomatic reinfections for seven months. Thus, we set 7° = 1/210 = 0.476%.
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For our purpose, it is important to quantify infection probabilities {n!, 77}, as they are the
key parameters underlying the variations in the rate of disease reproduction across countries,
besides economic conditions and containment policies. Also, for the epidemiological evolution
to commence, an estimate of I; is required (as S;p = N; — Lo and R;o = D;o = 0); I;p is
generally unknown because the society might be unaware of, unprepared for, or on low alert for
the disease, so that the number of the first few reported cases may be quite off. To estimate the
country-specific infection parameters {r!, 7%, I; o}, we will use non-linear least squares to fit the
data of total deaths for each country. Note, however, that calculating total deaths in this global
economy where countries are interlinked in various ways as explained in the main text is time-
consuming; hence such estimation is infeasible. In particular, the sectoral employment shares
{Kg’t} are time-varying and determined by the entire vector {n!, 7, I; o}#L, for all 41 countries.
Thus, the space of candidate estimates is too large to be feasible.

Thus, we adopt a simpler approach to estimate {n!, 7%, I, o} by proxying sectoral employ-
ment shares {Eft} by such shares in the pre-COVID-19 global economy {Ez P'1. Then, the effec-

tive reproduction number becomes

J
T',t I L i\ g S‘,t
Reiw = [;t x 18 = (1 —m) |m; +m X 32—1(1 — )l PR x 18 % NLZ
Sit

N;

= (1 — ni,t) X Roﬂ' X

When the disease dynamics are modified this way, the estimation can be done country by coun-
try, and the basic reproduction number Ry ;; also becomes a constant R ;. We first estimate
the rates of transmission and initial infections, {Ry;, I; o}, simultaneously, and then back out
infection probabilities {7/, 7L}.

Let t; denote the first date on which country i’s number of total confirmed cases exceeds 50,
and assume that the previous day ¢ — 1 is when I; o is applied. As explained in the main text,
we assume that the pandemic ends at the end of 2021, soon after the Omicron variant became
widespread. Let 7' denote December 31, 2021. For each country i, we estimate the following

equation using nonlinear least squares:

T
(Roy, Lip) = argmin » " [C; 4 data — Cit(Rogi, Tiosmir))”

t=t?
where n; 7 is the full history of n; ; up to date 7', C; ;+ is the number of total deaths at date ¢ from
the model, and Cj ; 4qtq is the number of total deaths downloaded from the Humanitarian Data

Exchange website.!’ This website compiles data from the Johns Hopkins University Center for

Novel Coronavirus (COVID-19) Cases Data https://data.humdata.org/dataset/

novel-coronavirus-2019-ncov-cases.

37


https://data.humdata.org/dataset/novel-coronavirus-2019-ncov-cases
https://data.humdata.org/dataset/novel-coronavirus-2019-ncov-cases

Systems Science and Engineering (JHU CCSE), which documents for COVID-19 the numbers of
total cases, total deaths, and daily confirmed cases for more than 200 countries and regions.

Borrowing from the results in Eichenbaum et al. (2021), we assume that 2/3 of the infections

I 7} can then be solved from

17

come from general activities. With estimated { Ry}, {m

Ry ;

TR (A.5)

J
! 4wk Z(l — )P =
j=1

I
; 2
— i e = 3 (A.6)
T+ Zj:l(l — ;)4

Note that in our quantitative analyses, the disease dynamics and, in particular, the effective

reproduction number R, ; ; are still generated from the full model.

B Income Support Programs

B.1 Model Modifications

This subsection describes how the benchmark model is modified to allow for income support
programs in a tractable way. The key idea is to tap into the global fund that owns the capital
in all countries as in Caliendo et al. (2019) and allow for borrowing and lending through this
fund. While income support programs provide support during the difficult times of COVID
shocks and help smooth consumption, borrowing and lending (instead of free lunches) must be
introduced to discipline such programs.

Denote country i’s pre-Covid income by w;o. Assume that country i can borrow from the
global fund to compensate for lost labor income to some extent. Let V; ; be the amount country ¢

borrows from the global fund at time ¢. Country i’s nominal income Y; ; is therefore given by

K K
Z 7’n,t‘K—n - Z Vn,t

n=1 n=1

Yie = [witLit + Vit + @i (B.1)

Let v; be the fraction of lost real income due to the pandemic shocks that are made up by the
government’s income support program. Let ¢ = 2022/01/01. During the COVID period, i.e.,

te{1,2,...,t — 1},'! country i borrows

w'70 w'7t
‘/’iﬂf = |:<.P10 - Pz,t) -P’i7t:| X L’i,t X 1wi,0/Pi,O>wi7t/Pi,t' (BZ)

If v; = 1, country i’s government compensates for the entire shortfall in real wages from the pre-

COVID real wages by borrowing from the global fund; if v; = 0, country i’s government does

"Recall that the economy module runs quarterly, but here we denote periods daily with the understanding that

the situation remains the same across all days in a quarter.
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nothing in terms of income support; v; can be any number in [0, 1]. We set {v;} as the income
support scheme across countries.

The borrowing should be repaid after COVID. Assume that the debt is repaid by a fixed
perpetual bond payment G;. The total value of debt is Zf;% Vit x (1 4+ r)tt, where 7 is the

interest rate. Hence, the perpetual annuity G; satisfies

e, —tiv- x (1+7)F
r T it
t=1
=> {'Ui K W0 _ ”) PM] X LM} x (1+7)t (B.3)
pt Po P
Thus, country i’s post-COVID nominal income satisfies
N N
Yig = [wisLiy — Gil+ @i | Y rniKn+ Y _ Gl (B4)
n=1 n=1

Let a; ; be the transfer to individuals in 7 at time ¢; hence the welfare becomes

o0
. b, ) I,,. b, )
vi=3 [(SM +Riu <wz,t +Pzz + az,t) L <0é Wiy "‘Pzt + az,t) ¢ Disu (0)} . B5)
t=0 1, 1,

where the transfer satisfies

a;; =0, t € pre-COVID
Vit
Q; + =
! Sit+1Lis+ Riy

, t € COVID period

7

a;y =
vt Sit+1Lig+ Riy

, t € post-COVID period.

B.2 Implementation and Results

In reality, the details of income support programs can be quite complex, and they differ sub-
stantially across countries. For our implementation, we utilize the Oxford COVID-19 Government
Response Tracker, which reports a rough measure of income support for each country in the data
set throughout the COVID period. Specifically, the three values of the variable E1_Income sup-
port indicate that

¢ = 0: no income support

¢ = 1: government is replacing less than 50% of lost salary (or if a flat sum, it is less than 50%

median salary)

e = 2: government is replacing 50% or more of lost salary (or if a flat sum, it is greater than

50% median salary)
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Figure B.1: Welfare Loss with Income Support Programs

Our income support index is calculated as the over-time average of this variable:

t
Zt:l [l{lncome Support, =0} X 0+ 1{Inc0me Support, =1} X 0.25 + 1{Inc0me Support,=2} X 0'5]
V; = =
t

(B.6)

where ¢t € {2020/01/01,...,2021/12/31}. Note that most income-support programs do not
last the entire two years of the COVID period that we consider. Also note that for the case
where this variable is 2, we assume that the government replaces 50% of lost salary. We take this
conservative value because, in reality, not all workers are compensated for the COVID shocks
since not all workers are locked away due to WFH possibilities and since many workers are
still fully paid due to contractual restrictions. This assumption of 50% is a compromise because
while the model assumes that each country i compensates for v; fraction of lost labor income for
all workers, we do not have information on the details of the fraction of workers who are actually
compensated in reality.

The interest r is set to (1 — p)/p.!? Figure B.1 reports the welfare losses due to the COVID
shocks with income support programs compared with those in the benchmark model. Figure
B.2 further reports the difference in welfare loss between the two models, with a positive value
meaning more losses are incurred in the model with income support programs than the bench-
mark model. That is, the difference is (loss)jincome support _ (loss)benchmark

Here, we find that the welfare losses are rather similar between the model with income sup-

port programs and the benchmark model. The long-run real income and welfare do not differ

2In terms of annual interest rate, r = 0.0526 because the annual discount rate is set to 0.95, as mentioned in
Section 3.1.
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much from the benchmark model as the income support programs are financed by short-term
borrowings that need to be repaid during the post-COVID periods. Nevertheless, as we re-
port in Table 2, the weighted average of welfare loss is reduced from 2.34% to 2.29%, while the
weighted average of real-income loss is reduced from 2.73% to 2.67%. Despite the slight changes,
the income support programs improve long-run welfare and real income because they smooth
consumption.

Finally, Figure B.3 plots the difference in welfare loss as reported in Figure B.2 against the
income support index v;. Here, we see a clear positive association such that the more a country
provides support to lost labor income during the COVID period, the more it dampens the welfare
loss. This is consistent with the idea that such programs smooth consumption and enhance

welfare.
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Figure B.3: Differences in Welfare Loss and Income Support Parameter
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