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contribute to the spread of infectious diseases.Our framework takes into
account the effects of public policies and private behavior on the spread
of the disease. We evaluate the model using a novel micro panel dataset
on consumption expenditures of young and older people across the first
three waves of COVID-19 in Portugal. Our model highlights the critical
role of expectations in shaping how human behavior influences the dy-
namics of epidemics.
I. Introduction
It is now widely recognized that human behavior influences the dynam-
ics of epidemics. But how should we incorporate the impact of human
actions into quantitative epidemiological models?
In our view, a successful approach requires a quantitative theory of how

people weigh the risks of infections against the benefits of engaging in so-
cial interactions that contribute to the spread of infectious diseases. The
resultingmodel should also account for the interrelated yet distinct effects
of public policies and private behavior on the spread of the disease.
Wedevelop such amodel and evaluate its plausibility using anovelmicro

dataset on consumption expenditures in Portugal. In so doing, we encoun-
ter two key challenges. The first is to account for the cross-sectional con-
sumption response of individuals of different ages at a given point in time.
This response is consistent with a full-information rational expectations
(FIRE) model, in which the old rationally fear that they are more likely
than the young to die from an infectious disease. The second challenge
is to account for the time series response of consumption of the young
andold across the first three waves of COVID. The consumption responses
in the first and third waves are similar, but deaths per capita were much
larger in the third wave than in the first. At the same time, government-
imposed containment measures were similar in the first and third waves.
These observations are inconsistent with a simple FIRE model.
We develop a quantitative model that meets the challenges discussed

above. In so doing, we face a set of difficulties likely to be encountered
by any researchermodeling an epidemic in a specific location and the ob-
served behavioral responses to disease threats over extended time hori-
zons. These difficulties include how to (i) model the evolution over time
of individual beliefs about the risks presented by a new disease, (ii)model
nho de Matos was funded by the Portuguese Foundation for Science and Technology
UID/GES/00407/2020. The views expressed in this article are those of the authors
o not necessarily reflect the official views of authors’ institutions. The data we use are
f Statistics Portugal’s project of making administrative data from the Portuguese tax
rity and other public agencies available for statistical production and research. For
mation on how to access the data, see the Statistics Portugal website.
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the evolution over time of beliefs that individuals have about the persis-
tence of this risk, (iii) model individual beliefs about the impact of the
actions that they can take to mitigate the risks of infection, (iv) isolate
the separate roles of risk aversion (uncertainty over health outcomes)
and intertemporal substitution in shaping behavior, (v) model the extent
to which individuals care about dying (the value of bequests versus the
value of living), (vi) reconcile the large short-run impact of COVID on
consumption expenditures with the small corresponding impact of the
secular decline in mortality from infectious diseases, and (vii) separate
the quantitative impacts of public policy, such as lockdowns and private
behavior, on economic and disease outcomes. We model lockdowns as
a wedge in the consumers’ utility and assume that the magnitude of this
wedge is proportional to an index of the severity of lockdowns in Portugal
constructed by an external source. We estimate and judge the impor-
tance of lockdowns by the impact of changes in the proportionality factor
on model fit. Our approach to modeling containment is equivalent, in
many contexts, to an absolute prohibition on purchases of certain goods
(see app. B.3; apps. A–C are available online).
Our answers to the previous questions are not definitive. But we hope

our analysis is a useful step in quantifying the different forces at work
that any behavioral epidemiological model will have to incorporate.
Our paper makes five specific contributions to the literature. First, we

use micro data to document the empirical response of consumption ex-
penditures to COVID by people of different ages, comorbidity statuses,
and incomes.
Second, we estimate our structural model using micro data on con-

sumption expenditures. The key parameters that we estimate include old
and young people’s prior beliefs about case fatality rates and the speed
with which they change their views. We find that all people had pessimis-
tic prior beliefs about case fatality rates but learned the actual case fatality
rates over time.
Third, we highlight the importance of deviations from full-information

rational expectations in accounting for the empirical response of con-
sumption to the COVID epidemic.
Fourth, we use the empirically validated model to assess how much

people of different ages and incomes would be willing to pay to avoid
the epidemic. Naturally, people’s expectations about mortality rates play
a crucial role in their willingness to pay. We also explore the distinct roles
of intertemporal substitution and risk aversion in determining the will-
ingness to pay.
Fifth, we suggest a way to reconcile the large short-run and small long-

run effects on consumption of changes in mortality rates associated with
contagious diseases. Our suggestion highlights the critical role of expecta-
tions about case fatality rates in such a reconciliation. To keep our analysis
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tractable, we abstract from long-run supply issues possibly arising from
changes in fertility and education decisions.
Our paper is organized as follows. Section II briefly reviews the related

literature. Section III describes our data. Section IV contains our empir-
ical results. Section V presents a simple model used to develop intuition
about the mechanisms at work in our quantitative model. Section VI de-
scribes the quantitative model and estimation procedure. Section VII
summarizes our estimation results. Section VIII contains a general equi-
librium model of endemic COVID. This model extends our partial equi-
librium analysis along three dimensions. First, we embed it in a general
equilibrium framework with endogenous labor supply and capital accu-
mulation. Second, we allow for vaccination. Third, we modify the epide-
miology assumptions so that people who have natural immunity or are
vaccinated lose their immunity over time. We conclude in section IX.
II. Related Literature
There is, by now, an extensive literature on themacroeconomic impact of ep-
idemics. Examples includeKrueger,Uhlig, andXie (2020), Toxvaerd (2020),
Alvarez, Argente, and Lippi (2021), Eichenbaum, Rebelo, and Trabandt
(2021, 2022a, 2022b), Faria-e-Castro (2021), Farboodi, Jarosch, and Shimer
(2021), Jones, Philippon, and Venkateswaran (2021), Guerrieri et al.
(2022), and Piguillem and Shi (2022). There is also a sizable epidemiol-
ogy literature on the interaction between COVID and age. Examples in-
clude Dessie and Zewotir (2021), Doerre and Doblhammer (2022), and
Sorensen et al. (2022). We do not attempt to survey these literatures here.
Instead, we discuss the papers most closely related to ours in the sense
that they study the impact of age on people’s consumption behavior. The
three key papers are as follows.
Glover et al. (2020) analyze a two-sector model (essential and luxury)

with young workers and retirees. The epidemic creates significant distri-
butional effects because the luxury sector contracts more than the essen-
tial sector. In addition, containment measures redistribute welfare from
the young to the old. The old benefit from the reduced risk of infection
produced by containment, while the young suffer the adverse employ-
ment consequences.
Brotherhood et al. (2021) use a calibrated model of the pandemic that

features age heterogeneity and individual choice, allowing agents to
choose rationally how much social distancing to undertake, considering
future infection risk and prospects for vaccine arrival.
Acemoglu et al. (2021) study targeted lockdowns in a multigroup

susceptible-infected-removed (SIR) model where infection, hospitaliza-
tion, and fatality rates vary between groups, in particular, between the
young, middle-aged, and old.
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III. Data
Our dataset comes from Statistics Portugal, the national statistical author-
ity. A software system called e-fatura—which the Portuguese government
adopted in 2013 to reduce tax evasion—generates the data. The decree
law 198/2012 published on August 24, 2012, requires firms to report their
invoice data electronically. This decree covers all individuals or legal enti-
ties with headquarters, stable establishment, or tax domicile in Portuguese
territory that conduct operations subject to value-added tax (VAT). Dura-
ble goods purchases—such as cars, refrigerators, and televisions—are in-
cluded in our dataset because they are subject to VAT. However, we cannot
separate purchases of durable and nondurable goods because we cannot
access itemized invoices that specify the nature of the goods purchased.
Goods and services exempt from VAT are excluded from the data.1

The most important exempt categories are health services provided by
medical doctors, childcare services provided by kindergartens, residen-
tial homes, day centers for the elderly, rent and property investments,
and services provided by nonprofit organizations that operate facilities
for art, sports, or recreation activities. Our data cover approximately
75% of the per capita consumption expenses included in the national
income accounts.
Our data include anonymized information for 500,000 Portuguese

people randomly sampled from a set of 6.3 million people who meet
two criteria. First, they were at least 20 years old in 2020. Second, they
filed income taxes as Portuguese residents in 2017. The dataset includes
a person’s age, income bracket, and gender. In addition, for a subset of
people, the data include education and occupation in 2017.
For every person in our sample, we construct total monthly consump-

tion expenditures using the electronic receipts that firms provide to the
tax authority as part of their VAT reporting. Each receipt is matched to
a particular person using their anonymized fiscal number. We also com-
pute individual pharmacy expenditures, which we use as a proxy for
comorbidity.
Portuguese consumers have four incentives to include their fiscal

number in expenditure receipts. First, they can deduct from their in-
come taxes, up to a limit, expenditures on health, education, lodging,
nursing homes, and general household spending. Second, the govern-
ment rebates 15% of the VAT from documented expenditures on public
transportation passes, lodging, restaurants, and automobile and motor-
cycle shops. Third, for every €10 of reported spending, consumers re-
ceive a coupon for a weekly lottery in which the prize is a 1-year treasury
bond with a face value of €35,000. Fourth, the law obliges consumers to
1 See article 9 of the VAT code for an exhaustive list.
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request invoices for all purchases of goods and services. Consumers who
fail to comply are subject to fines ranging from €75 to €2,300.
Young people might have purchased goods and services for their par-

ents and reported them under their own fiscal number. But it is in gen-
eral not in their interest to do so because there are caps on the VAT re-
bates that taxpayers can receive and on the VATexpenses that taxpayers
can deduct from their income taxes.
The data include online purchases from Portuguese businesses but ex-

cludes online purchases from foreign companies. The latter types of pur-
chases are likely to be small and not negatively affected by COVID. Since
young people are more likely to engage in such purchases, including
them would likely strengthen the result (documented below) that older
people cut their consumption by more than young people.
We exclude from the sample in a givenmonth people who do not have

any receipts associated with their fiscal number for that month. We also
remove from the sample 21,814 people who were unemployed or inac-
tive in 2017. These people are unlikely to pay taxes, so they have less in-
centive to include their fiscal number in receipts. Finally, we dropped all
persons older than age 80 from the sample because their expenditure
patterns suggest that many of them live in nursing homes. We also ex-
clude people younger than age 20 because they make few independent
consumption decisions. The resulting dataset contains 421,337 people
and 12,218,773 person-month observations aggregated over 97,363,250
buyer-seller pairs.
We identify two groups in our sample whose incomes are likely to have

been relatively unaffected by the COVID recession: public servants
(58,598 people) and retirees (93,839 people). These groups overlap be-
cause we do not exclude retirees from the population of public servants.
There are roughly 22,000 retired public servants in our sample.2

Our sample covers the period from January 2018 to April 2021. We
end our sample in April 2021 for two reasons. First, vaccines became
available to the general population after April 2021. Before April, only
the elderly and people with comorbidities were vaccinated first. Second,
according to data from theGlobal Initiative on SharingAll InfluenzaData
(GISAID), there were no reported cases of the delta variant, which was
arguably more contagious than previous variants.3

Table 6 (tables 6–16 are available online) reports descriptive statistics for
monthly expenses net of VAT. For public servants, the average per capita
monthly expenditure on consumption goods and services is €687.8, of
2 In 2011, Portugal entered into an adjustment program with the International Mone-
tary Fund, the European Central Bank, and the European Commission (for a discussion,
see Eichenbaum, Rebelo, and Resende 2017). This reduction led to a large increase in the
number of retired public servants.

3 Data are from https://covariants.org.

https://covariants.org
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which €25.6 is spent on pharmacy items. These expenditures are roughly
similar for the sample of the population as a whole: the average per capita
monthly expenditure on consumption goods and services is €629.3, of
which €17.9 is spent on pharmacy items. Retirees have lower levels of over-
all expenditure. They spend, on average, €437.8 on consumption goods
and services, of which €24.3 is spent on pharmacy items.
Table 7 reports the same statistics as table 6 broken down by income and

age groups. Income groups are based on the 2017 income tax brackets
used by Portugal’s Internal Revenue Service. We group people according
to their ages so that they have similar COVID case fatality rates. Our esti-
mates of this risk are based on the statistics reported by the Portuguese
Health Authority (Direção-Geral da Saúde) on July 28, 2020. Table 1 dis-
plays case fatality rates (the ratio of COVID deaths to people infected)
by age cohort for Portugal. Two key results emerge from table 1. First, peo-
ple aged 20–49 all have low case fatality rates. Second, case fatality rates rise
nonlinearly with age for people older than age 50.
IV. Empirical Results
This section has two parts. In section IV.A, we provide an overview of the
evolution of the epidemic in Portugal and the government’s contain-
ment measures. We also discuss the evolution of per capita consumption
expenditures in our sample. In section IV.B, we present formal econo-
metric evidence of how COVID impacted the consumption expendi-
tures of people of different ages and comorbidity conditions.
A. The Epidemic in Portugal
Figure 1 depicts the weekly time series of infected people and COVID
deaths in Portugal. We refer to March 2020 through April 2021 as the
epidemic dates. There were three waves of COVID deaths during this
period. The peaks of these waves occur in April 2020, December 2020,
TABLE 1
COVID Infection Fatality Rates (Averages, May 14–June 14, 2020)

Age Group Infected Deceased Infection Fatality Rate (%)

0–9 672 0 .0
0–19 1,085 0 .0
20–29 4,245 1.5 .03
30–39 4,869 .6 .01
40–49 5,420 15.3 .28
50–59 5,336 43.6 .82
60–69 3,519 122.1 3.5
70–79 2,576 265.9 10.3
≥80 4,522 926 20.5
Note.—Rates are computed with data from the Portuguese Health Authority.
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and January 2021. The broad pattern of COVID cases is consistent with
the facts documented by Atkeson, Kopecky, and Zha (2020) for a cross
section of countries.
The vaccination campaign started on January 8, 2021. The initial cam-

paign focused on people over age 80 with comorbidities. Vaccination of
the general population began on April 23, 2021, very close to the end of
our sample (April 30, 2021).
Over the period from March 2020 to April 2021, the government imple-

mented various containment measures. These measures vary in intensity
and sectoral coverage. For concreteness, we summarize the severity of these
measures using an index of the full or partial closing of nonessential shops,
restaurants, and cafés.4 Figure 2 displays this containment index. Contain-
ment rosequickly inmid-March2020 and started todecline at thebeginning
of May 2020. It then dropped to low levels in the summer of 2020. In mid-
November2020, containmentwaspartially reimposed in response to the sec-
ondwave. The third epidemic wave led to the strengthening of containment
measures from January to March 2021. As the number of infections waned,
containment measures were eased. Note that the peak containment rates
are the same in the first and third waves.
FIG. 1.—COVID-19 cases and deaths reported by Portuguese Health Authority (May 20,
2021).
4 To construct this index, we use data from https://ourworldindata.org and https://
dre.pt/legislacao-covid-19-upo. We attribute the values 1, 0.5, 2/7, and 0 to full closing,
partial closing, closing on weekends, and open. The containment index is the average
of the indexes for nonessential shops and restaurants and cafés.

https://ourworldindata.org
https://dre.pt/legislacao-covid-19-upo
https://dre.pt/legislacao-covid-19-upo
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Figure A.1 (figs. A.1–B.10 are available online) depicts the average loga-
rithm of public servants’monthly consumption expenditures from January
2018 to April 2021. Three features emerge from this figure. First, there are
pronounced drops in consumption around the peakmonths of the first and
third waves. There is a more muted decline in consumption during the
months around the peak of the second wave. Second, there is a clear sea-
sonal pattern in the pre-COVID sample. This pattern is similar in 2018 and
2019. Third, per capita spending was growing before the COVID shock.
Our econometric procedure considers the latter two features in creating
a counterfactual for what spending would have been in 2020 absent the
COVID shock. We estimate a seasonal effect and time trend for each age
and income group using data from January 2018 to February 2020.
B. Age and the Impact of COVID
on Consumer Expenditures
Our empirical specification focuses on the differential consumption re-
sponse by people of different ages. This specification is given by

lnðExpensesitÞ 5 Λ � Year t 1 o
Dec

s5Feb

ls1fMontht 5 sg 1 vi 1 Ψit 1 eit

o
Apr 2021

m5Mar 2020

ΔmAfter t � 1fDatet 5 mg 1

o
Apr 2021

m5Mar 2020
o

g∈AgeGroup ∖½20;49�
dmgAfter t � 1fDatet 5 mg � 1fAgeGroupi 5 gg:

(1)

Subscripts i and t denote person i and calendar month t, respectively. The
coefficientΛ represents a linear growth trend in consumptionexpenditures.

(1)
FIG. 2.—Severity of COVID-19 containment measures over time.
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Yeart is a variable that takes the value 11 t for year 20181 t for t 5 0, 1, 2, 3.
The coefficients ls control for seasonality in consumption. The vector Wit

includes interaction terms that allow seasonal effects to varywith individual
characteristics (age, income bracket, gender, education, and occupation).
The coefficients vi denote time-invariant individual fixed effects. Aftert is a
dummy variable equal to 1 during the epidemic dates (beginning March
2020). The coefficients Δm represent the change in spending for people
in the reference group (aged 20–49) during the epidemic date d. The co-
efficient dmgmeasures the additional change in spending for age group g in
epidemic datem.5 The variable eit is an idiosyncratic error term. As long as
the inflation rate for the consumption baskets of different age cohorts is
the same, any inflation effects cancel out from the difference in nominal
responses, and we are left with the real differential response. We estimate
equation (1) using a fixed effects estimator and cluster standard errors by
person, as suggested in Bertrand, Duflo, and Mullainathan (2004).6

Column 4 of table 14 reports our parameter estimates. Figure 3 dis-
plays our estimates of the impact of COVID on consumption expendi-
tures of different age groups (Δm for the reference group and Δm 1 dmg
for the other groups) obtained from estimating equation (1). The bars
around the point estimates represent 95% confidence intervals. Our key
findings are as follows. First, all consumers reduced their expenditures
during the three waves of the epidemic. Second, older people cut their
expenditures by much more than younger people. The nonlinear effect
of age on consumer expenditures mirrors the nonlinear dependency of
case fatality rates on age. Third, the decline in consumption for each age
group was similar in the first and third waves.
C. The Response of People with Different Income
The economic model discussed in section VI implies that high-income
people cut their expenditures by more than low-income people to re-
duce the risk of infection. According to the model’s logic, rich people
have more to lose from becoming infected than poor people. Since older
people might have a higher income than younger people, the results re-
ported in section IV.B might conflate the effect of age and income.
Table 15 reports our parameter estimates. Figure 4 displays our esti-

mates of the impact of COVID on consumption expenditures of differ-
ent age groups (Δm for the reference group and Δm 1 dmg for the other
groups) obtained from estimating equation (1) for separate income
groups. Two key results emerge from this figure. First, our results about
5 We keep age groups constant on the basis of a person’s age in 2020.
6 Because of our large sample size, weestimate the fixed effectsmodels using themethodof

alternatingprojections implemented inRbyGaure (2013) and inStatabyGuimaraes andPor-
tugal (2010) and Correia (2016).
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the impact of age on consumption expenditures are very robust to con-
trolling for income. Older people cut their expenditures by much more
than younger people for all income groups. Second, when we control for
age, high-income people reduce their consumption by more than low-
income people.
The finding that expenditure cuts are an increasing function of income

complements the evidence in Carvalho et al. (2020) and Chetty et al.
(2020), which relies on home address zip codes to proxy for income.
D. Robustness
In appendix A, we report the results of six robustness checks. First, we pro-
vide evidence in favor of the assumption that the seasonal effects for Jan-
uary 2020 through April 2021 are the same as for the 2018–19 period.
Second, we redo our benchmark analysis, allowing for different monthly

expenditure time trends for each age cohort. We find a similar pattern
for the impact of age on the response of expenditures to the COVID
shock.
Third, we redo our empirical analysis for retirees instead of public ser-

vants. Retirees are another group whose income is likely to have re-
mained relatively stable during the epidemic. Our results are similar
to those that we obtain for public servants. We find that conditioning
on age, the consumption expenditures of civil servants and retirees re-
spond similarly to COVID.
Fourth, we find that our results are robust to running regression (1) us-

ing the year-on-year growth rate ( lnðExpensesit=Expensesit212Þ) instead of the
log level of expenditures as the dependent variable.
FIG. 3.—Changes in expenditures of public servants during epidemic relative to coun-
terfactual without COVID.



FIG. 4.—Changes in expenditures of public servants in different income groups during
epidemic relative to counterfactual without COVID.
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Fifth, we study a potential reason why the consumption expenditures of
old and young people responded differently to COVID: these groups pur-
chase different goods and services that were differentially affected by
lockdowns. To investigate this possibility, we estimate the change in con-
sumption expenditures for different age groups in sectors of the economy
that were least affected by lockdowns. We base this sector classification on
the information reported in the appendix to law 78-A/2020, approvedSep-
tember 29, 2020. Figure A.4, which is the analog to figure 3, presents our
results. Two features are worth noting. First, all groups cut their consump-
tion expenditures by about the same amount in the epidemic’s first and
third waves. Second, the old cut their consumption bymore than the young
in the epidemic’s first, second, and third waves.
Sixth, we redo our analysis excluding two sectors where adaptations

were most likely to have reduced the risk of infections: restaurants (peo-
ple could order takeout instead of eating at the restaurant) and super-
markets (people could ask for delivery instead of going to the store). Fig-
ures A.5 and A.6 show that our results are robust to excluding these two
expenditure categories.
Finally, we use data on expenditures on pharmaceutical drugs to inves-

tigate the effect of comorbidities that increase the risk of dying from
COVID. We find that people with comorbidities cut their consumption
more than those without comorbidities.
V. A Simple Model of Mortality Risk
and Consumption Decisions
In this section, we consider a simple two-periodmodel to develop intuition
about the key features of our quantitative model presented in section VI.
Consistentwith the latter, wemake three assumptions. First, the probability
of dying depends on current consumption. Second, people derive utility
from leaving a bequest when they die. Third, people’s utility has the recur-
sive formproposed by Kreps and Porteus (1978),Weil (1989), and Epstein
andZin (1991). These preferences allow us to study the different roles that
risk aversion and intertemporal substitution play in our model.
In the first period of their life, a person receives an endowment, y,

which they can consume in period 1 (c1) or period 2 (c2). Their resource
constraint is

y 5 c1 1 c2: (2)

The period 1 utility is given by the following version of equation (8) in
section VI:

U1ðyÞ 5 ð1 2 bÞc12r
1 1 b½EðU 12a

2 Þ�ð12rÞ=ð12aÞ� �1=ð12rÞ
: (3)
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The certainty equivalent of period 2 utility is

EðU 12a
2 Þ� �1=ð12aÞ

5 1 2 dðc1Þ½ �c12a
2 1 dðc1Þðq0 1 q1b

mÞ12a
� �1=ð12aÞ

,

where d(c1) is the probability of dying before consuming in period 2. To
capture the basic mechanism at work in our epidemiological model, we
assume that d(c1) is an increasing linear function of c1:

dðc1Þ 5 Γ0 1 Γ1c1, (4)

where Γ0 and Γ1 are positive constants. A person who survives in period 2
consumes c2. A person who dies leaves their planned consumption, c2, as
a bequest: b 5 c2. The representative person chooses c1, c2, and b to max-
imize (3) subject to (2), (4), and b 5 c2.
To derive the first-order conditions, it is useful to consider the follow-

ing monotonic transformation of the Epstein-Zin utility function:
V1 5 U 12r

1 =ð1 2 rÞ. The first-order conditions are as follows:

ð1 2 bÞc2r
1 1

b

1 2 a
EðU 12a

2 Þ� �ð12rÞ=ð12aÞ21
d0ðc1Þ½ðq0 1 q1c

m
2 Þ12a 2 c12a

2 � 5 l,

b EðU 12a
2 Þ� �ð12rÞ=ð12aÞ21

1 2 dðc1Þ½ �c2a
2 1 dðc1Þðq0 1 q1c

m
2 Þ2a

mq1c
m21
2

� �
5 l,

where b is the discount factor, a is the coefficient of relative risk aversion
for static gambles, and r is the inverse of the elasticity of intertemporal
substitution (EIS) with respect to deterministic income changes. The
case of r 5 a and z 5 0 corresponds to standard time-separable ex-
pected discounted utility.
In the absence of death (Γ0 5 Γ1 5 0), the optimal value of the ratio

c2/c1 is

c2
c1

5
b

1 2 b

� �1=r

: (5)

As r goes to infinity (zero EIS), c2 converges to c1. Suppose that b > 0:5,
so people place a larger weight on the future than on the present. When
r goes to zero (infinite EIS), c1 converges to zero and c2 to y, that is, all
consumption takes place in period 2.
For positive values of Γ0 and Γ1, the model has no analytical solution.

We explore the key mechanisms using a series of numerical examples.
We choose parameters so that c2 > q0 1 q1bm. This condition, empha-
sized by Bommier, Harenberg, and Le Grand (2020, 2021), implies that
people prefer to live rather than die in the second period of their lives.
The benchmark parameters in our example are as follows: r 5 1=1:5,

a 5 2, m 5 1 2 r, q0 5 0:0865, q1 5 0:1276, Γ0 5 0:02, Γ1 5 0:5462.
We normalize the initial income, y, to 1. Since period 2 represents the
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future, we choose b 5 0:6 so that more consumption occurs in the fu-
ture than in the present. Given our choices of b and r, c2/c1 is equal
to 1.8.
The benchmark values of r, a, and m are the same as in our quantita-

tive model. The rationale for these values is discussed in section VI.A. We
choose q0 and q1 so that the following ratios coincide with the corre-
sponding values for a weighted average of recovered young and old peo-
ple in the estimated benchmark model:

q0

q0 1 q1b
m 5 0:44,

c2
q0 1 q1b

m 5 3:38: (6)

To illustrate the impact of the probability of dying on consumption,
we choose values of Γ0 and Γ1 that are sufficiently large that the results
of our experiment are clearly visible in figure 5. In our simple example,
the probability of dying—evaluated at the optimum level of consump-
tion—is quite high (20%), as is the endogenous component (Γ1c1) of
the probability of dying (90%). In our quantitative model, both of these
numbers are much lower.
Figure 5 shows the effects of varying the EIS and risk aversion in the

simple model. For each value of r and a, we recompute the values of
q0 and q1 so that conditions (6) hold. The d 5 0 line corresponds to
the case in which the probability of dying in period 2 is zero (Γ0 5
Γ1 5 0). The d > 0 line corresponds to the case where the probability of
dying is positive and a function of c1 (Γ0, Γ1 > 0).
The top left panel of figure 5 shows how c1 varies with the inverse of

the EIS, r. The dotted vertical line corresponds to the r value in our
benchmark calibration. In general, there are two forces at work govern-
ing the impact of r on c1. First, if a person dies, they leave a bequest equal
to their planned period 2 consumption. The utility of leaving this be-
quest is lower than that of consuming in period 2. When the EIS is high,
a person reacts to the risk of dying in period 2 by reducing planned c2
and increasing c1. The higher the EIS is, the larger this effect is. Second,
because d is endogenous, people have an incentive to cut c1 to reduce the
probability of dying in period 2. In our example, the second effect dom-
inates the first effect so that for all values of r, c1 is lower than when d 5 0,
that is, the line for the positive death case is below that of the nodeath case.
The top right panel of figure 5 shows how c1 varies with the coefficient

of relative risk aversion, a. When d 5 0, there is no risk, so c1 does not
depend ona (the no death line is flat).When Γ0, Γ1 > 0, there are two forces
governing the impact of a on c1. First, people respond to the risk of
death by raising c1 relative to the d 5 0 case. The higher risk aversion
is, the higher c1 is. The reason is that deferring consumption to period 2
is a risky gamble relative to consuming in period 1. This effect is empha-
sized in Bommier, Harenberg, and Le Grand (2020). Second, in our
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model, people have an incentive to lower c1 to reduce d. For moderate de-
grees of risk aversion, the second effect dominates, so c1 is lower than
when d 5 0. As risk aversion gets larger, the first effect dominates, so c1
is higher than when d 5 0.
FIG. 5.—Two-period example.
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We now turn to the question of how risk aversion and the EIS affect
people’s willingness to pay to eliminate the risk of death. To compute
the willingness to pay, we solve the following equation, U1ðyÞ 5 �U1ð�yÞ,
where �U1 is lifetime utility in an economy with d 5 0. The level of �y that
solves this equation is

�y 5
U1ðyÞ

ð1 2 bÞ1=ð12rÞ 1 1 b=ð1 2 bÞ½ �1=r� 	r= 12rð Þ :

The bottom left panel of figure 5 displays the fraction of income
ðy 2 �yÞ=y that people would be willing to pay to eliminate the risk of
death as a function of the EIS. People’s willingness to pay is low when
the EIS is high (low value of r) because it is less costly to reduce the prob-
ability of death by cutting c1. For values of r exceeding 1, the willingness
to pay is insensitive to the EIS.
The bottom right panel of figure 5 reports the analog results as we vary

the coefficient of relative risk aversion, a. Not surprisingly, the willing-
ness to pay is monotonically increasing in a. The key result is that the
willingness to pay to avoid the risk of death is much more sensitive to
a than to r. As we vary r, the willingness to pay ranges from roughly
8% to 22%. In contrast, as we vary a, the willingness to pay ranges from
roughly 11% to 65%.
In sum, the previous discussion highlights the key mechanisms at work

in our quantitative model: risk aversion, intertemporal substitution, peo-
ple’s beliefs about the probability of dying, and bequest motives.
VI. A Model of Consumer Behavior in an Epidemic
In this section, we develop a quantitative model of how people changed
their consumption behavior in response to COVID. We use the model to
address the question: how much would people be willing to pay to avoid
the risk of death associated with COVID? Answering this question re-
volves around two issues. The first is people’s beliefs about case fatality
rates. The second is the fraction of the drop in consumption due to peo-
ple’s risk avoidance behavior as opposed to government-imposed con-
tainment measures.
We use a partial equilibrium approach that allows us to confront people

of different ages andhealth statuses with real wages, real interest rates, and
infection probabilities that mimic those observed in the data using a min-
imal set of assumptions. By partial equilibrium analysis, we mean that we
study the consumption decisions of people of different ages and incomes,
given exogenous processes for real wages, real interest rates, and infection
probabilities. In section VIII, we consider a general equilibrium model in
which we fully specify the environment (preferences, technology, market
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structure, and epidemic dynamics) and solve for the equilibrium values of
real wages, real interest rates, and infection probabilities.
Consistent with the evidence in Sorensen et al. (2022), we assume that

actual case fatality rates fall over time because of improvements in med-
ical treatments (see sec. VI.B for details). Throughout, we assume that
people know the objective probability of becoming infected. However,
they do not know their age group’s actual time-varying case fatality rate.
They begin with a prior, which they update over time. This prior and the
rate at which it converges to the objective probability play a critical role
in our analysis. We could have assumed that people also do not know the
objective probability of becoming infected. But we could not credibly
identify all the free parameters associated with this specification. As it
turns out, focusing on uncertainty about the true case fatality rate is suf-
ficient to allow the model to account for the key features of the data.
To compute the probability of being infected, people need to form ex-

pectations about the path of infections in the economy. We assume that
the economy is in the preepidemic steady state in the first 4 weeks of
March 2020. Then, in the fifth week of March, people learn about the
first wave of the epidemic. To simplify, we assume that people have per-
fect foresight with respect to the first wave of infections and expect the
epidemic to end in week 17 (the week of June 21, 2020). Then, in week 18
(theweek of June28, 2022), people learn that therewill be twomorewaves.
From that point on, people have perfect foresight with respect to these
waves. We could allow for uncertainty about the number of infections at
the cost of making the model more complex and introducing free param-
eters that would be difficult to identify. To add perspective on the role
played by intertemporal substitution, we also consider the case in which
people know there will be three waves.
We divide the population into two groups: people younger than age 60

with no comorbidities and people older than age 60 or younger than age 60
but with comorbidities. For ease of exposition, we refer to these groups as
young and old. We assume that a person in the first group joins the sec-
ond group with a constant probability per period, v. This assumption
makes the analysis more tractable because the model has only two types
of people. With deterministic aging, we would need to keep track of 61 age
cohorts (from 20 to 80 years old). The critical difference between people
in the two groups is the subjective and objective risk of dying from COVID
or other causes.
As in Kermack andMcKendrick’s (1927) SIRmodel, people are in one

of four possible health states: susceptible (those with no immunity
against the virus), infected, recovered (those who recovered from the in-
fection and have acquired immunity against the virus), and deceased. In
studying the first three waves of the epidemic, we assume that recovered
people have permanent immunity. This assumption is incorrect in light
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of recent mutations of the COVID virus and associated breakthrough in-
fections. However, this possibility was not widely discussed during the first
three COVID waves. So, to simplify, we assume in this section that people
think that once they recover from the infection, they have permanent im-
munity. We relax this assumption in section VIII, in which we discuss the
implications of endemic COVID.
Each period in our model represents a week. Since our empirical work

relies on data for public servants, we assume that people’s labor supply
decisions are exogenous and the real wage rate is constant. We normal-
ize the number of hours worked to 1. The budget constraint of a person
with assets bt who consumes ct is

bt11 5 w 1 ð1 1 r Þbt 2 ct ,

where w is the real wage rate and r is the rate of return on assets. People
differ in their health status, age, and initial assets. To simplify the nota-
tion, we omit in the budget constraint the subscripts a and h.
The probability of a susceptible person in age group a becoming in-

fected at time t, ta,t, is given by the transmission function:

ta,t 5 p1c
h
a,t It 1 p2It , (7)

where h denotes a person’s health status and It is the number of infected
people in the population at time t. The terms p1ca,t It and p2It represent
the probability of becoming infected through consumption-related and
non-consumption-related activities, respectively. As in Eichenbaum, Rebelo,
and Trabandt (2021), this function embodies the assumption that people
meet randomly and that susceptible people can reduce their infection
probability by cutting their consumption.
People are uncertain about case fatality rates. At the beginning of the

epidemic, people believe that the case fatality rate for a person of age a is
pad,0. They update these beliefs using a parsimonious constant gain learn-
ing algorithm:7

pad,t 5 pad,t21 1 gaðp*ad,t 2 pad,t21Þ:
Here, p*ad,t is the true case fatality rate for people of age a at time t. The
parameters ga ∈ ½0, 1� control how quickly people update their beliefs.8

These beliefs converge in the long run to p*ad,t . Implicitly, this specifica-
tion assumes that in every period, people see the actual ratio of COVID
7 See Eusepi and Preston (2011) and Evans and Honkapohja (2012) for discussions of
the properties of this learning algorithm.

8 In principle, one could entertain more complex information structures in which peo-
ple receive noisy signals about infections and deaths in each period and use those signals
optimally in solving their maximization problem. For computational reasons, we abstract
from these types of information structures.
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deaths to infections anduse it to update their beliefs. At eachpoint in time,
people expect the case fatality rate to remain constant: pad,t1j 5 pad,t .9

The variable da denotes the time t probability that a person of age a
dies of non-COVID causes. The variable par,t denotes the probability that
a person of age a who is infected at time t recovers at time t 1 1. The
probability of exiting the infection state, par ,t 1 pad,t , is constant over
time, so time variation in people’s beliefs about pad,t induces time varia-
tion in their beliefs about par,t.
As in the simple model, people’s utility has the recursive form proposed

by Kreps and Porteus (1978), Weil (1989), and Epstein and Zin (1991).
The lifetime utility of a person with age a and health status h at time t is

U h
a,t 5 max

cha,t ,bt11

z 1 ð1 2 bÞðð1 2 mtÞcha,tÞ12r 1 b Et U h
a,t11ð Þ12a

h in o 12rð Þ=ð12aÞ

 �1=ð12rÞ� 


:

(8)

Here, z is a constant that influences the value of life (see Hall and Jones
2007). The expectations operator, Et, takes into account all the stochastic
elements of the environment, including the possibility of death. People take
as given the sequence of aggregate infections, fItg∞

t50. We use time variation
in mt to model exogenous changes in consumption demand associated with
government-imposed containment measures. This variable represents the
consumption wedge introduced by containment measures. The higher mt

is—that is, the more containment there is—the lower the marginal utility
of consumption. In appendix B.3, we show that there is an equivalence be-
tween modeling containment as a wedge on utility and a model where con-
tainment implies that some goods cannot be consumed.
The value functions for all people depend on the value of their assets,

bt, and calendar time. This time dependence reflects deterministic time
variation in mt, It, pad,t, and the person’s time t belief about the case fatal-
ity rates for old and young. Recall that when solving their optimization
problem at time t, people assume that future values of the case fatality
rate equal their current beliefs.
The value function of a susceptible young person at time t is10

U s
y,tðbtÞ 5 max

csy,t ,bt11

z 1 fð1 2 bÞðð1 2 mtÞcsy,tÞ12r 1 b½ 1 2 ty,t
� 	ð1 2 dy 2 vÞ U s

y,t11ðbt11Þ
� 	ð12aÞ

n

1 1 2 ty,t
� 	

v U s
o,t11ðbt11Þð Þð12aÞ 1 ty,tð1 2 dy 2 vÞ U i

y,t11ðbt11Þ
� 	ð12aÞ

1 ty,t vðU i
o,t11ðbt11ÞÞ12a 1 dyBðbt11Þ12a�ð12rÞ=ð12aÞg1=ð12rÞg:

(8)
9 This assumption implies that we are working with a version of Kreps’s (1998) antici-
pated utility.

10 This formulation and the others in app. B involve a slight abuse of notation. The per-
ceived value function U h

a,t11 is computed at time t assuming that pad,t1j 5 pad,t for all j. The
realized value function at time t 1 1 is computed assuming that pad,t111j 5 pad,t11 for all j.
Our notation does not distinguish between these two types of value functions. In solving
the model, we do take into account this distinction.
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Recall that v is the probability of a young person becoming old. U i
yt and

U i
ot are the value functions of a young and an old infected person, respec-

tively. The value function reflects the possible changes in health and age
status at time t 1 1. A young susceptible person at time t can remain in
that state at time t 1 1 with probability ð1 2 ty,tÞð1 2 dy 2 vÞ, not get in-
fected but become old with probability ð1 2 ty,tÞv, get infected and stay
young with probability ty,tð1 2 dy 2 vÞ, get infected and become old with
probability ty,tv, or die of non-COVID causes with probability dy.
The function Bðbt11Þ represents the utility from leaving a bequest bt11

upon death. We assume that this function takes the form

Bðbt11Þ 5 q0 1 q1ðbt11Þm,
where q0 > 0 and q1 > 0. The bequest motive allows the model to be con-
sistent with two empirical observations. First, many people die with large
asset holdings (see, e.g., Huggett 1996; De Nardi and Yang 2014). Sec-
ond, older people’s consumption expenditures are lower than younger
people’s. The latter pattern obtains in the model because as people age,
bequests receive a higher weight in the utility function relative to con-
sumption. People of all ages and health statuses choose their consump-
tion and asset holdings to maximize their expected lifetime utility. We
solve their optimization problem using value function iteration. In ap-
pendix B, we display the value functions for old susceptible people, young
infected people, old infected people, young recovered people, and old
recovered people.
We partition the parameters of our quantitative model into two sets.

The first set is estimated with Bayesian methods. The second set is cali-
brated to micro data.
A. Parameters of Quantitative Model:
Econometric Methodology
We estimate younger and older people’s initial prior beliefs about case
fatality rates (pyd,0 and pod,0), the gain parameters (gy and go), and the pa-
rameter m. The latter parameter controls the impact of containment on
the marginal utility of consumption. We assume that the containment
wedge mt is given by mt 5 myt , where m is a scalar and yt is the time series
for containment measures depicted in figure 2. The maximum value of
yt is normalized to 1.
We calibrate the basic reproduction number,R0, to equal 2.5, the value

preferred by the Centers for Disease Control and Prevention (CDC).11 In
our model,R0 is given by
11 See COVID-19 Pandemic Planning Scenarios, CDC, March 19, 2021.
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R0 5
p1½cyssy 1 cosð1 2 syÞ� 1 p2

pyr sy 1 por 1 2 sy
� 	

1 p*ydsy 1 p*odð1 2 syÞ
,

where sy is the preepidemic share of young people in the population and
cys and cos are the preepidemic levels of consumption of susceptible young
and old, respectively.
We estimate k, an auxiliary parameter that represents the average

share for young and old of infections generated by consumption activi-
ties at the beginning of the epidemic:

k 5
p1½cyssy 1 cosð1 2 syÞ�

p1½cyssy 1 cosð1 2 syÞ� 1 p2

:

Given the value of R0 and the estimate of k, we solve for the implied es-
timates of p1 and p2.
Let the vector w denote the time series of the response to COVID of

the consumption expenditures of younger and older people in our
model from March 2020 to April 2021. Let ŵ denote our estimate of
w for these two groups of people obtained using regression (1). Table 12
reports the estimated regression parameters. The results are displayed in
figure 8.
Our estimation criterion focuses on the consumption response of

young and old with a net wealth of €75,000. According to Costa and Fa-
rinha (2012) and the Survey of Household Financial Conditions Statis-
tics Portugal (2017), the average net wealth of Portuguese households
over the period 2013–17 is €150,000. We divide this number by 2 because
there are, on average, two adults per household in Portugal.
We estimate the model’s predictions for people with this level of assets

for two reasons. First, we do not observe the wealth distribution for peo-
ple in our sample. Second, it is computationally daunting to compute
the consumption behavior of people with different wealth levels in every
iteration of the estimation algorithm.
The logic of the estimation procedure is conceptually the same as in

Christiano, Trabandt, and Walentin (2010). Suppose that our structural
model is true. Denote the true values of the model parameters by v0. Let
w(v) denote the mapping from values of the model parameters to the
time series of the impact of COVID on the consumption expenditures
of younger and older people. The vector w(v0) denotes the true value
of the time series whose estimates are ŵ. According to standard classical
asymptotic sampling theory, when the number of observations, T, is
large,

ffiffiffiffi
T

p
ŵ 2 w v0ð Þ� 	

∼a N 0,W v0ð Þð Þ:
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It is convenient to express the asymptotic distribution of ŵ as

ŵ∼a N w v0ð Þ, Vð Þ: (9)

Here, V is a consistent estimate of the precision matrix W(v0)/T. Follow-
ing Christiano, Trabandt, and Walentin (2010), Christiano, Eichenbaum,
and Trabandt (2016), and Fernández-Villaverde, Rubio-Ramírez, and Schorf-
heide (2016), we assume that V is a diagonal matrix. In our case, the diago-
nal elements are the variances of the percentage responses of consumption
of younger and older people at each point in time, reported in column 4 of
table 12.
Our analysis treats ŵ as observed data. We specify priors for v and then

compute the posterior distribution for v given ŵ using Bayes’s rule. This
computation requires the likelihood of ŵ given v. Our asymptotically valid
approximation of this likelihood is motivated by (9):

f ŵjv, V� 	
5 2pð Þ2N =2 Vj j21=2 exp 20:5 ŵ 2 w vð Þ� 	0

V 21 ŵ 2 w vð Þ� 	h i
: (10)

The value of v that maximizes this function is an approximate maximum
likelihood estimator of v. It is approximate for two reasons. First, the cen-
tral limit theorem underlying (9) only holds exactly as T →∞. Second,
our proxy for V is guaranteed to be correct only for T →∞.
Treating the function f as the likelihood of ŵ, we find that the Bayesian

posterior of v conditional on ŵ and V is

f vjŵ, V� 	
5

f ŵjv, V� 	
p vð Þ

f ŵjV� 	 : (11)

Here, p(v) denotes the prior distribution of v and f ðŵjV Þ denotes the
marginal density of ŵ:

f ŵjV� 	
5

ð
f ŵjv, V� 	

p vð Þdv:

Because the denominator is not a function of v, we can compute the
mode of the posterior distribution of v by maximizing the value of the
numerator in (11). We compute the posterior distribution of the param-
eters using a standard Monte Carlo Markov chain (MCMC) algorithm.
We evaluate the relative empirical performance of different models by
comparing their implications for the marginal likelihood of ŵ computed
using the Laplace approximation.
We assume uniform [0,7/14] priors for pyd,0 and pod,0 and uniform [0,

1] priors for m, gy, go, and k. We assume that it takes on average 14 days to
either die or recover from an infection, so pyd,0 1 pyr ,0 5 7=14 and
pod,0 1 por ,0 5 7=14.
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B. Parameters of Quantitative Model: Calibration
In addition toR0, we calibrate the following parameters: p*yd,t , p
*
od,t , r, a, r,

b, dy, do, z, q0, and q1. We set the actual weekly case fatality rates (p*yd,t and
p*od,t) for the week of July 26, 2020, to 7 � 0:001=14 and 7 � 0:035=14, re-
spectively. These values correspond to the case fatality rates for the me-
dian younger (age 39.5) and older (age 64.5) person (see table 1).
Sorensen et al. (2022) estimate the population-wide time trend in the

infection fatality rate from April 2020 to January 2021. These estimates
imply that the infection fatality rate fell by 36% between March 2022
and April 2021. We use these estimates to compute the values of p*yd,t
and p*od,t for periods before and after July 26, 2020. We assume that the
values of p*yd,t and p*od,t are such that, on average, infected people recover
or die in 2 weeks (p*or ,t 1 p*od,t 5 p*yr ,t 1 p*yd,t 5 7=14). We make the same
assumption for the beliefs of case fatality rates, that is, por ,t 1 pod,t 5
pyr ,t 1 pyd,t 5 7=14. The dashed lines in figure 7 show the resulting time
series for p*yd,t and p*od,t . See appendix B.4 for a more detailed descrip-
tion of how we incorporate the Sorensen et al. (2022) estimates into our
calibration.
The annual real interest rate, r, is set to 1%. This value corresponds

roughly to the realized real yield on 10-year Portuguese government
bonds from March 2020 to April 2021.
We use the life expectancy tables produced by Statistics Portugal to cal-

ibrate non-COVID-related mortality rates for younger and older people.
We obtain dy 5 1=ð51 � 52Þ and do 5 1=ð13 � 52Þ. Since the average age
difference between old and young people is 28 years, we set the weekly
probability of aging, n, to 1=ð28 � 52Þ. Consistent with Portuguese de-
mographic data, we assume that the population between 20 and 59 years
old is 70% of the population between 20 and 79 years old.
We set the coefficient of relative risk aversion (a) to 2 and the EIS (1=r)

to 1.5. These parameter values correspond to the estimates in Albuquer-
que et al. (2016), obtained using data on the equity premium and other
moments of financial market data. These data are particularly relevant to
our analysis because they reflect people’s attitudes toward risk. The weekly
discount factor, b, is set equal to 0.971/52, which is consistent with the val-
ues used in the literature on dynamic stochastic general equilibriummod-
els (see, e.g., Christiano, Eichenbaum, and Evans 2005).
The level parameter in the utility function (z) and the two parameters

that control the utility of bequests (q0 and q1) are chosen so that the model
is consistent with three features of the Portuguese data. First, the ratio of
younger to older people’s consumption is roughly 1.2. Second, the aver-
age savings rate is 6.7%. Third, the value of life is about €900,000, which
is consistent with the value used in cost-benefit analyses of Portuguese
public works (see, e.g., Ernst and Young 2015). These conditions imply
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that q0 5 159:51, q1 5 4:88, and z 5 2:66. A value of life of €900,000
equals 6.8 times annual consumption. For comparison, Hall, Jones, and
Klenow (2020) consider values of life measured in units of consumption
ranging from 5 to 7.
In our sample, the average after-tax income of people younger and

older than age 60 in 2018 is very similar (€18,900 and €19,400, respec-
tively). To simplify, we assume that both groups earn €19,000 per year.
VII. Empirical Results
Figure 6 depicts priors and posteriors for the parameters we estimate.
The figure shows that the data are very informative relative to our priors.
Table 2 reports the mean and 95% probability intervals for the priors
and posterior of the estimated parameters.
Several features are worth noting. First, the posteriormodes of pyd,0 and

pod,0 are 0.089 and 0.428, respectively. Recall that case fatality rates for
young and old are pyd 5 7 � 0:001=14 5 0:0005 and pod 5 7�0:035=
14 5 0:0175, respectively. So, according to the model, both younger and
FIG. 6.—Priors and posteriors of estimated parameters.
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older people greatly overestimated their case fatality rates at the beginning
of the epidemic. Second, the posterior modes of the gain parameters, gy
and go, are 0.069 and 0.092, respectively. Figure 7 displays the implied time
series ofpyd,t and pod,t. By the end of the sample, pyd,t and pod,t have essentially
converged to their true values. As discussed below, this feature is critical to
the model’s ability to account for the data. Third, the posterior mode of
the parameter m is equal to 0.380. So, at their peak, containment measures
reduced the marginal utility of consumption by roughly 38%. Fourth, k,
the fraction of infections associated with consumption activities is 4.6%.
Taken together, these values imply that p1 5 0:000170 and p2 5 1:1921.
The dashed lines in figure 8 display our regression-based estimates of

how the consumption of old and young people responded to COVID.
The bars around point estimates represent the 95% confidence intervals.
The solid lines are the corresponding model implications computed us-
ing the posterior mode of the estimated parameters. These implications
are computed by comparing the model’s dynamics with and without
COVID.
Figure 8 shows that the model does quite well at accounting for the

consumption behavior of older people over the entire sample. In partic-
ular, the model generates the steep decline during the first wave, the re-
covery in the summer of 2020, the subsequent reduction beginning in
TABLE 2
Priors and Posteriors of Parameters: Baseline Model versus

FIRE/No Learning Model

PRIOR DISTRIBUTION

Posterior Distribution

Baseline Model
FIRE/No Learning

Model

Mean
(1)

2.5%–97.5%
(2)

Mode
(3)

2.5%–97.5%
(4)

Mode
(5)

2.5%–97.5%
(6)

Initial belief, mortality rate:
Young, pyd,0 .50 .025–.975 .087 .075–.100 . . . . . .
Old, pod,0 .50 .025–.975 .413 .371–.474 . . . . . .

Learning speed parameter:
Young, gy .50 .025–.975 .069 .066–.072 . . . . . .
Old, go .50 .025–.975 .092 .088–.098 . . . . . .

Initial share of consumption-
based infections, k .50 .025–.975 .046 .041–.054 .069 .065–.074

Containment parameter, m .50 .025–.975 .380 .366–.391 .525 .518–.532
Memo item: log marginal

likelihood (Laplace) 2532.5 21,704.9
Note.—Ellipses indicate model specifications where particular parameter values are not
relevant. Posterior mode and parameter distributions are based on a standard MCMC al-
gorithm with a total of 500,000 draws (10 chains, 10% of draws used for burn-in, draw ac-
ceptance rates about 0.2). All prior distributions are uniform.
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the fall of 2020, as well as the recovery in the winter of 2021. Critically,
the model is consistent with the fact that consumption of the old falls
by more in the first wave than in the second wave, even though the risk
of infection was higher in the second and third waves.
With two exceptions, the model does quite well at accounting for the

consumption behavior of the young. The first exception is that it does
FIG. 7.—Evolution over time of beliefs about case fatality rates of old and young.
FIG. 8.—Consumption of young and old in epidemic. The figure shows the baseline es-
timated model and data implications for changes in expenditures of old and young during
the epidemic relative to a counterfactual without COVID.
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not fully explain the rise in consumption of the young during the summer
of 2020. The second exception is that the model understates the peak de-
cline in the consumption of the young during the second wave. An impor-
tant success of the model is that it implies that consumption expenditures
of the young fall by more in the first wave than in the second and third
waves.
We conduct the following experiment to gain insight into intertempo-

ral substitution’s role in consumption choices. In our baseline specifica-
tion, the second and third waves come as a surprise to people. Suppose
that, instead, people knew about the second and third waves at the begin-
ning of the epidemic. Other things equal, the more important intertem-
poral substitution is, the more we would expect consumption choices to
be affected by this information. It turns out that in this case, people’s con-
sumption choices are very similar to the baseline case (see fig. B.8).
A. Identifying k and m
In this section, we discuss the key features of the data that allow us to iden-
tify k and m. Consider first k, the fraction of infections attributed to con-
sumption. To account for the behavior of consumers in the first and the
third waves in the face of differential infections, the model assumes that
initially, people have pessimistic beliefs about case fatality rates. These be-
liefs converge to the truth by the third wave (see fig. 7; sec. VII.B). Given
this convergence, the estimation algorithm chooses k so that the model
matches the consumption of old and young in the third wave.
To understand how ourmodel identifies m, the parameter that controls

the importance of containment, we proceed as follows.We reestimate the
model, setting m to zero. The model’s fit deteriorates significantly: the
marginal log likelihood falls from2532 to22,007. Regarding parameter
estimates, themain impact of setting m to zero is twofold. First, it increases
the value of k, the parameter that governs the effect of consumption on
the probability of being infected. Second, it reduces pod,0, old people’s prior
about the case fatality rate.
To understand these effects, suppose that we set m to zero without

changing k or pod,0. Without containment, the consumption of the young
would drop by much less than in the benchmark model. The estimation
algorithm increases k to better fit the drop in the consumption of the
young. But increasing k exacerbates the decline in the consumption of
the old. To offset this effect, the estimation algorithm reduces pod,0, so
that the old view COVID as less lethal. The deterioration in model fit is
most notable at the end of the third wave. By then, people’s priors about
case fatality rates have converged to their true values, and there are few
infected people in the economy. In the absence of containment, con-
sumption of young and old is counterfactually high.
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We also reestimated the model by fixing m at 10% higher than its esti-
mated value. Even this small change in m leads to a sizable deterioration
in the marginal log likelihood, which falls from 2532 to 2559. This de-
terioration reflects the model’s poor fit at the end of the sample: con-
sumption is counterfactually low relative to the data. We experimented
with larger values of m and found that the algorithm pushed parameters
like k and pod,0 to their boundary values.
An alternative way of studying the role of containment is to compute

the counterfactual fall in expenditures that would have occurred if the
government had imposed containment measures, but there were no in-
fections. The difference between the consumption policy functions with
and without containment allows us to estimate the impact of contain-
ment per se. This estimate relies on the assumption that, to a first order,
the observed behavior of expenditures is the sum of people’s response to
containment and the risk of becoming infected.
The solid line in figure 9 displays the consumption of old and young

in a version of the model with containment but no infections. In this sce-
nario, the changes in consumption expenditures of young and old peo-
ple are the same. Figure 9 shows that the containment measures in iso-
lation would have led to a 21% drop in consumption of the young and
the old in the trough of the first and third waves. In the data, the actual
FIG. 9.—Consumption of young and old in model with containment and no COVID
epidemic.
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declines in consumption are much larger. So, while containment had a
substantial impact, most of the decrease in consumption for both groups
reflects their response to the risk of dying from COVID. These results
are consistent with the findings of Arnon, Ricco, and Smetters (2020),
Chetty et al. (2020), Goolsbee and Syverson (2020), Villas-Boas et al.
(2020), and Chernozhukov, Kasahara, and Schrimpf (2021).
Our results are also consistent with those in Sheridan et al. (2020).

Denmark and Sweden were similarly exposed to the pandemic, but only
Denmark imposed significant containment measures. Sheridan et al.
(2020) find that consumption of the young dropped by more in Den-
mark, presumably because of containment measures. Consumption of
the old dropped by more in Sweden, presumably because the absence
of containment increased the risk of infection.
B. The Importance of Time-Varying Beliefs
Learning plays a critical role in allowing themodel to account for the key
patterns in the data across the different COVID waves. In the data, the
troughs of consumption are the same in the first and third waves for
each age group. But the risk of becoming infected is much larger in the
third wave. Other things equal, a model in which people know their true
case fatality rate at the beginning of the epidemic cannot account for these
facts.
To formally substantiate this claim, we estimate a version of the model

with full-information rational expectations (FIREmodel). In this version
of the model, people know the true case fatality rates at the beginning of
the epidemic. This assumption is standard in the COVID literature (e.g.,
Alvarez, Argente, and Lippi 2021; Eichenbaum, Rebelo, and Trabandt
2021; Jones, Philippon, and Venkateswaran 2021).
In this version of themodel, the only estimated parameters are m and k.

Columns 5 and 6 of table 2 report themean and 95%probability intervals
for the prior andposterior of m and k. Interestingly, the posteriormodes of
m and k are higher than the corresponding values in the benchmarkmodel.
These higher values improve model fit during the first wave but do not
help the model explain the differential response of old and young.
We evaluate the performance of this model relative to the learning

model by computing its implications for the marginal log likelihood.
The marginal log likelihood of the no-learning model is a dramatic
1,173 points lower than that of the learning model. To understand this
result, consider figure 10, which displays the implications of the reesti-
mated model with no learning for the consumption expenditures of
young and old. First, themodel substantially understates the drop in con-
sumption expenditures of old people during the first wave of the epi-
demic. Second, for the period up to November 2020, the model does
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not account for the fact that consumption expenditures of the old
dropped by much more than those of the young. After that period, the
model does generate a larger consumption drop for the old compared
with the young. Third, the model counterfactually predicts that the de-
cline in consumption expenditures of the old is larger in the second
and third waves than in the first wave.
C. Consumption Response for Different Income Groups
In section IV.C, we discuss our estimates of the consumption response of
different income groups to the epidemic. Recall that consumption ex-
penditures fell more for higher-income groups than for lower-income
groups. Our model is qualitatively consistent with this response pattern
because higher-income households have a higher value of life, so they
have more to lose from dying from COVID. In this section, we compare
the quantitative implications of our model with our empirical estimates.
To do so, we change the value of real labor income,w, to be consistent with
the mean income of each of the three groups considered in section IV.C
(€12,481, €28,566, and €59,419). We solve and simulate the model for
these three income groups, keeping all parameters equal to our baseline
estimates.
FIG. 10.—Consumption of young and old in epidemic. The figure shows the model
with FIRE/no learning and data implications for changes in expenditures of young and
old during the epidemic relative to a counterfactual without COVID.
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Figure 11 shows the model implications and the 95% confidence in-
tervals estimated in section IV.C. This figure provides an important
postestimation check on the model because these data are not used in
the estimation. Except for the lower-income group during the first wave,
the model fits quite well the consumption behavior of the different in-
come groups. Introducing a subsistence level of consumption and tar-
geted transfers to the lowest-income group would help the model better
fit the consumption behavior of this group during the first wave.
D. The Alpha Variant
As a robustness check, we study the impact of alpha, the only important
variant of the ancestral virus in our sample. That variant is estimated to be
roughly 50% more contagious than the original strain (e.g., Yang and
Shaman 2021; Tabatabai et al. 2023). Brainard et al. (2022) estimate that
the alpha variant and the ancestral virus case fatality rates are roughly the
same.
According to data from GISAID, this variant was detected in Portugal

in the week of December 7, 2020, and consistently accounted for more
FIG. 11.—Consumption of young and old in epidemic by income groups. The figure
shows the model with different levels of income and data implications for changes in ex-
penditures of young and old with different incomes during the epidemic relative to a coun-
terfactual without COVID.
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than half of the sequenced viruses between February 2020 and April
2021.
To compute an upper bound on how much this variant affected con-

sumption expenditures, we assume that there was an unanticipated in-
crease of 50% in p1 and p2 after December 7, 2020. Figure B.9 shows that
consumption by old and young falls by more in the second and third
waves than in our benchmark model. This modification improves the
model’s fit in terms of the young’s consumption expenditures and some-
what deteriorates the fit in terms of the old’s consumption expenditures.
Incorporating the alpha variant into the analysis does not affect our re-
sults concerning the importance of learning about case fatality rates.
E. The Impact of Declining Case Fatality Rates
In this section, we study the impact of the decline in case fatality rates esti-
mated in Sorensen et al. (2022), which are embedded in our benchmark
model. Recall that these estimates imply that the case fatality rate falls 36%
between March 2020 and January 1, 2021. We solve a version of the model
where the case fatality rate is constant and equal to theMarch 2020 values,
keeping all other model parameters at their estimated baseline values. As
in the baselinemodel, people learn the constant true case fatality rate over
time. Figure B.10 displays the implications of this version of themodel. The
fit to the data is similar in the first wave but somewhat worse in the second
and third waves. The higher case fatality rate during the second and third
waves generates slightly larger consumption drops than in the baseline
model. Overall, the decline in case fatality rates has a modest impact on
the consumption dynamics implied by themodel. The intuition for this re-
sult is that while case fatality rates declined, they did so from very low levels.
F. Willingness to Pay to Avoid the Epidemic
In this section, we study the following question: how much would people
of different ages and incomes be willing to pay to avoid the epidemic? In
what follows, we refer to an epidemic as including associated contain-
ment measures.
We first discuss the impact of age on the willingness to pay. The lifetime

utility of a susceptible person with assets b at the beginning of the epi-
demic isU s

a ðbÞ. The lifetime utility of a person with assets b in an economy
without an epidemic is Ua(b). In general, U s

a ðbÞ < UaðbÞ, that is, the epi-
demic reduces lifetime utility. We compute the value of initial assets �b in
the economy without an epidemic that makes people indifferent between
living in an economy with and without an epidemic: U s

a ðbÞ 5 Uað�bÞ.
The annual income of a person of age a at time zero, ya,0, is given by

ya,0 5 52 � ðw 1 rbÞ. In the spirit of Murphy and Topel (2006) and Hall,
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Jones, and Klenow (2020), we report for young and old Δ ; ðb 2 �bÞ=y,
that is, the fraction of 1 year’s income that a person would be willing
to give up to avoid the epidemic.
Table 3 contains our results. In the baselinemodel, young and old peo-

ple are willing to give up 45% and 80% of a year’s income to avoid the ep-
idemic. These large values reflect the pessimistic priors implied by the
consumption behavior observed in the data. Containment increases peo-
ple’s willingness to pay to avoid the epidemic, but this effect is relatively
small in the baseline model. Removing containment reduces the willing-
ness to pay from 45% to 40% for young and from 80% to 77% for old.
When people know their actual case fatality rate (FIRE/no learning),

their willingness to pay to avoid the epidemic is significantly reduced to
9% and 15% of a year’s income for young and old, respectively. Since the
true case fatality rate is very low for the young, most of their willingness to
pay to avoid the epidemic reflects their desire to avoid the containment
measures associated with the epidemic. For the old, roughly half of the
willingness to pay reflects the desire to avoid containment measures.12

In their analysis for the United States, Hall, Jones, and Klenow (2020)
compute the willingness of the representative person to pay to avoid the
epidemic in a model with FIRE, no learning, and no containment. De-
pending on the case fatality rate, they find that a representative person
would be willing to pay between 28% and 41% of 1 year’s income to avoid
the epidemic. The comparable value implied by ourmodel is 2%. Several
differences between our model and that of Hall, Jones, and Klenow
(2020) affect people’s willingness to pay. The two major differences are
as follows.13 First, Hall, Jones, and Klenow (2020) assume that there is
no bequest motive, so dying results in a much larger utility loss in their
model. Second, they assume that the probability of dying increases by
TABLE 3
Willingness to Pay to Avoid Epidemic

100 � Δa

Baseline Model FIRE/No Learning Model

Epidemic and
Containment

No
Containment

Epidemic and
Containment

No
Containment

Young 45 40 9 1
Old 80 77 15 7
Weighted average 54 51 10 2
12 Our results on the dif
mentary to the estimates o
(2021) for young people in

13 Other differences, les
First, the statistical value of
Second, Hall, Jones, and K
and time-separable expecte
ference in the willingness to pay
f the value of a statistical life p
the United States who enlist in

s important from a quantitative
life and income are lower in Port
lenow (2020) assume no discou
d discounted utility.
of young and ol
roduced by Gre
the army.
point of view, a
ugal than in the
nting of future u
d are comple-
enberg et al.

re as follows.
United States.
tility (b 5 1)
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0.81 of a percentage point for 1 year because of COVID. Their calculation
corresponds to a scenario in which everybody is infected at the beginning
of the epidemic and dies fromCOVID with probability 0.81. In ourmodel,
only a relatively small fraction of the population is infected and is at risk of
dying from COVID. In our sample, the probability of dying from COVID
for the overall population is 0.17%.
To illustrate the importance of two of these factors, we proceed as

follows. First, we consider a version of the model with no bequests (q0 5
q1 5 0) and no containment (mt 5 0). We find that the average willing-
ness to pay is 10% of income (6% for the young and 18% for the old).
Second, we assume that the number of infected is five times larger, so the
probability of dying from COVID in the first year is 0.81%. We find that
the average willingness to pay is 43% (29% for the young and 74% for the
old), a number in the range of those reported by Hall, Jones, and Klenow
(2020).
Table 4 shows howmuch people in different income groups would pay

to avoid the epidemic. Three results emerge. First, for all income levels,
the young are willing to pay less than the old both in absolute terms and
as a fraction of their income. This result reflects the fact that the young
are less likely to die than the old due to the epidemic. Second, the higher
a person’s income is, the more they are willing to pay in absolute terms
to avoid the epidemic. This finding reflects the fact that the value of life
is increasing in income. Third, the higher a person’s income, the lower
the fraction of their income they are willing to pay. This result reflects
the fact that preferences are nonhomothetic because of the presence
of two terms in the utility function (z and q0) that do not depend on in-
come. These terms imply that the value of life as a fraction of income is a
decreasing function of income.
VIII. The Economic Impact of Endemic COVID
In this section,we exploreoneway to reconcile the large short-runand small
long-run effects on consumption of changes in mortality rates associated
TABLE 4
Willingness to Pay to Avoid Epidemic by Income (as Fraction of Initial Assets)

Income (€1,000s)

12,481 19,000 28,566 59,490

€1,000s:
Young 8 9 11 16
Old 14 16 18 25

Fraction of own income:
Young 58 45 36 26
Old 110 80 62 41
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with contagious diseases. To do so, we investigate the economic costs of en-
demic COVID in an economy where people know the actual case fatality
rates. We modify our model in three ways. First, we modify our epidemiol-
ogy model so that COVID becomes endemic. As in Abel and Panageas
(2020) and Eichenbaum, Rebelo, and Trabandt (2022b), wemodify social
dynamics so that recovered people become susceptible with probability ps.
This modification implies that the pool of susceptible people gets replen-
ished, so there are always new people who can get infected. As a result, the
steady-state number of infected people is positive, that is, COVID is en-
demic. Second, we allow for vaccination. Third, we assume, for tractability,
that people are organized into households, each with a continuum of
identical members. This household structure introduces limited sharing
of health risks. Fourth, we embed that model in a general equilibrium
framework with endogenous labor choice and capital accumulation. The
model is described in detail in appendix C.
Our analysis focuses on the economy’s steady state, where it seems nat-

ural to assume that people’s posteriors about case fatality rates have con-
verged to their actual values. As might be anticipated from our previous
results, this assumption has a major impact on the model’s implications
for the economic consequences of endemic COVID. We compare the
economic costs of COVID in this model with a counterfactual in which
people have high prior values for pyd,0 and pod,0 and do not update them.
Steady-state results.—Column 1 of table 5 compares consumption and

hours worked in the preepidemic steady state with the steady state in
which COVID is endemic. Aggregate output, hours worked, and con-
sumption fall by about 0.26% relative to the preepidemic steady state.
Consumption falls by 0.86% for old people and barely falls for young peo-
ple. Hours worked fall by 0.72% for older people and only 0.07% for
younger people.
TABLE 5
Effect of Case Fatality Rate on Percent Change of Allocations in Endemic

COVID Steady State Relative to Preepidemic Steady State

Percent Change of

Case Fatality Rate Equal to

Actual Long-Run Value
(1)

Initial Estimated Beliefs
(2)

Aggregate output 2.26 24.93
Aggregate consumption 2.26 24.93
Aggregate hours worked 2.26 24.93
Consumption young 2.003 24.16
Consumption old 2.86 26.74
Hours worked young 2.07 24.20
Hours worked old 2.72 26.65
Capital stock 2.26 24.93
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The lower response of consumption relative to the partial equilibrium
model discussed in section VII reflects four factors. First, people know
the true case fatality rate. Second, consistent with the estimates in Soren-
sen et al. (2022), this rate is 36% lower than at the beginning of the ep-
idemic. Third, this model includes vaccines that reduce the probability
of infection. Fourth, there are no containment measures.
We interpret these results as an upper bound on the economic cost of

endemic COVID. The reason is that our model abstracts from ways in
which economies can adapt to COVID. Examples include the adoption
of remote work and e-commerce (for discussions, see Krueger, Uhlig,
and Xie 2020; Jones, Philippon, and Venkateswaran 2021).
The steady-state economic impact of endemic COVID is minimal com-

pared with the massive decline in economic activity experienced in 2020.
In the steady state, COVID reduces life expectancy at birth by 1.5% and re-
duces aggregate output by 0.26% relative to the preepidemic steady state.
Interpreted through the lens of our model, the differential short- and

long-run impact of endemic COVID on economic activity reflects peo-
ple’s beliefs about case fatality rates. The steady-state calculations above
assume that people’s beliefs correspond to the objective case fatality rate.
Our empirical results indicate that in early 2020, people’s initial beliefs
about case fatality rates weremuch higher than the true case fatality rates.
To quantify the impact of people’s beliefs on economic activity, we re-

solve for the steady state assuming that people make decisions on the ba-
sis of our estimates of their March 2020 beliefs. The objective case fatality
rates drive actual population dynamics. Technically, in the first-order con-
ditions for ia,t11, the values of pad and par are set to the estimated initial
beliefs in section VI.A.
Column 2 of table 5 compares consumption and hours worked in this

steady state and thepreepidemic steady state.We see large falls in consump-
tion and hours worked relative to the preepidemic steady state. Aggregate
consumption, hours worked, and physical capital fall by 4.93%. Consump-
tion falls by 6.74% for old people and 4.2% for young people. Hours
worked fall by 6.65% for older people and only 4.2% for younger people.
Taken together, our results suggest a way of reconciling the large eco-

nomic impact of COVID relative to the historical evidence presented by
Acemoglu and Johnson (2007). Our reconciliation highlights the criti-
cal role of expectations about case fatality rates in determining the dy-
namic economic impact of an epidemic.
IX. Conclusion
Our analysis highlights the importance of expectations in determining
the economic impact of infectious diseases like COVID. According to
our estimates, people’s prior beliefs about COVID case fatality rates were
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very pessimistic. These pessimistic prior beliefs led to sizable consump-
tion declines in the first wave of the epidemic. People’s beliefs converged
to the true case fatality rates by the third wave of the epidemic. So, even
though the risk of becoming infected was much larger in the third wave,
consumption expenditures fell by about the same as in the first wave.
The fact that estimated expectations converged is important for think-

ing about the economic consequences of the secular declines in the
mortality rate associated with infectious diseases. We expect people to
eventually learn about these declines and adjust their behavior accord-
ingly. Once this learning occurs, the impact of infectious diseases is rel-
atively small. Our model is consistent with the large impact of COVID on
economic activity and the small effect of the secular fall in mortality rates
associated with other infectious diseases.
If the government and consumers have full-information rational ex-

pectations about case fatality rates, then there is a clear argument for im-
plementing some form of containment. As discussed, for example, in
Eichenbaum, Rebelo, and Trabandt (2021), there is an externality asso-
ciated withmarket activities that can be corrected with containmentmea-
sures. However, suppose that consumers overestimate case fatality rates at
the beginning of an epidemic. If the government had better information
than consumers, containmentmight be amistake. The reason is that con-
sumers are overreacting to the possibility of getting infected, and market
activity is falling bymore than warranted by the objective case fatality rate.
Introducing containment could further exacerbate this overreaction.
It is unclear to us that the governmenthadbetter information about case

fatality rates at the beginning of the epidemic than consumers. To the ex-
tent that the government understands that it does not know the actual case
fatality rates, optimal policy design should draw on the insights of the liter-
ature on decision-making under Knightian uncertainty (for a recent re-
view, see, e.g., Gilboa and Schmeidler 1989; Ilut and Schneider 2022).
Data Availability
Code replicating the tables and figures in this article can be found in
Eichenbaum et al. (2024) in the Harvard Dataverse, https://doi.org/10
.7910/DVN/EBVMFW.
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