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Abstract
We argue that the COVID epidemic disproportionately affected the economic well-
being and health of poor people. To disentangle the forces that generated this out-
come, we construct a model that is consistent with the heterogeneous impact of the 
COVID recession on low- and high-income people. According to our model, two-
thirds of the inequality in COVID deaths reflect preexisting inequality in comorbid-
ity rates and access to quality health care. The remaining third stems from the fact 
that low-income people work in occupations where the risk of infection is high. Our 
model also implies that the rise in income inequality generated by the COVID epi-
demic reflects the nature of the goods that low-income people produce. Finally, we 
assess the health–income trade-offs associated with fiscal transfers to the poor and 
mandatory containment policies.
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1  Introduction

It is widely believed that the COVID epidemic disproportionately affected the eco-
nomic well-being and health of poor people. Authors like Chetty et al. (2020) show 
that during the COVID recession employment fell the most for low-income workers. 
We show that there is a strong, robust correlation between pre-COVID measures 
of income inequality and COVID deaths across US states. This relation holds even 
when we control for differences in demography and access to health care. Taken 
together, these findings support the view that the COVID epidemic created more 
inequality in life and death.

To interpret these statistical findings, we develop a quantitative model of the 
COVID epidemic. The model articulates a simple mechanism by which COVID 
exacerbated preexisting inequality in income and health. The basic idea is that low-
wage workers are disproportionately employed in occupations that require a high 
level of social contact, making them susceptible to becoming infected. The demand 
for the types of goods produced by these workers fell dramatically relative to the 
goods produced by high-income workers. The net effect was that many low-wage 
workers lost their job. Those who retained their job were more likely to become 
infected than high-wage workers. An exacerbating factor is that low-wage work-
ers, at least in the USA, have more limited access to high-quality health care than 
high-wage workers. In our model, these forces generate the strong, positive relation 
between ex-ante income inequality and COVID deaths observed in the data.

A key challenge in designing our model is the requirement that it be consistent 
with the fact, documented by Chetty et  al. (2020), that low-income workers suf-
fered larger drops in employment than high-income workers but expenditures by 
low-income workers fell by  less than those of high-income workers. This task is 
challenging because conventional business cycle models generally embody strong 
consumption smoothing behavior.1

The reason our model can account for these facts is as follows. The behavior of 
high-income people is governed by two key considerations. First, they are much less 
prone to becoming infected at work than low-income people. Second, they have a 
higher lifetime utility than low-income people which makes them more sensitive 
to the dangers of becoming infected through market activity. In conjunction with 
our other assumptions, these considerations imply that employment falls by less for 
high-income people than for low-income people. But high-income people cut their 
consumption by more than low-income people.

The behavior of low-income people is governed by the following considerations. 
Consistent with the data, we assume that the goods produced by low-income peo-
ple are more infectious that those produced by high-income people. So, the decline 
in consumption demand is concentrated in sectors that employ low-income people. 
As a result, the employment of low-income people falls disproportionately. Low-
income people are closer to the subsistence level of consumption, so they reduce their 

1  A potentially important exception are business cycle models with wealthy hand-to-mouth consumers of 
the type emphasized by Kaplan et al. (2014).
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consumption by less than high-income people. Moreover, consistent with the data, 
low-income people receive government transfers during the pandemic. Taken together, 
these forces imply that the employment of low-income people falls by more than that of 
high-income people, but their consumption falls by less.

To articulate these mechanisms in a transparent way, we focus our analysis on the 
first wave of the epidemic (from March to July 2020). After the first wave, expectations 
about possible vaccinations and changes in fiscal policy associated with the presidential 
election arguably played a larger role in affecting people’s behavior. By focusing on the 
first wave, we are able to abstract from these complications.

We show that our model is consistent with three key features of the data. First, it 
accounts reasonably well for COVID deaths during the first wave. Second, it accounts 
for the facts document by Chetty et al. (2020). Third, it accounts for the strong statistical 
relation between pre-COVID income inequality and COVID deaths that we document.

We then turn to the question: How was inequality in life and death during the 
first wave of the epidemic affected by containment policies and government trans-
fers to low-income people? According to our model, containment disproportionately 
reduced the employment and income of low-income workers, magnifying income 
disparities. Containment also dramatically reduced mortality rates for all income 
groups. Evidently, containment policies involve sharp trade-offs between health and 
income inequality.

Turning to fiscal policy, we find that government transfers during the first wave 
of the epidemic increased employment and income of low-income workers, reduc-
ing income inequality. But it did not substantially increase the death toll from the 
epidemic. So, in the context of the COVID epidemic, government transfers do not 
involve sharp trade-offs between health and income inequality.

To focus our analysis, we abstract from three important issues that have received 
extensive attention in the literature. The first is the impact of ethnicity and racial 
background per se on COVID infections and death (see, e.g., Benitez et  al. 2020 
Desmet and Wacziarg (2020) and McLaren 2020). The second is the impact of the 
COVID recession on gender equality (see, e.g., Alon et al. 2020; Jin et al. 2020). 
The third is the differential impact of COVID on young and old (see, e.g., Acemoglu 
et al. 2020; Brotherhood et al. 2020; Eichenbaum et al. 2020; Giagheddu and Papetti 
2020 and Glover et al. 2020).

The paper is organized as follows. Section 2 briefly reviews the economics lit-
erature on the impact of the epidemic in models with heterogeneity. Section 3 con-
tains the empirical evidence we use as the background for our analysis. Section 4 
describes the model. Section  5 discusses the quantitative properties of our model 
and its implications for the impact of containment measures and fiscal transfers. 
Section 6 concludes.

2 � Related Literature

There is by now a large literature on the macroeconomic impact of epidem-
ics. Examples include Acemoglu et  al. (2020), Alvarez et  al. (2021), Brotherhood 
et  al. (2020), Buera et  al. (2020), Faria-e-Castro (2020), Farboodi et  al. (2020), 
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Gonzalez-Eiras and Niepelt (2020), Krueger et  al. (2020), Jones, Philippon, and 
Venkateswaran (2020), Guerrieri et al. (2020), Piguillem and Shi (2020) and Tox-
vaerd (2020). We do not attempt to survey this literature here. Instead, we discuss 
the papers most closely related to ours.

In this paper, we build on our prior work which features an explicit two-way inter-
action between epidemic and economic dynamics (Eichenbaum et  al. 2021). The 
epidemic creates a recession because people cut back on their economic activities to 
reduce the probability of being infected. At the same time, the recession reduces the 
rate at which the virus spreads throughout the population.

Our model is closely related to the work of Kaplan et al. (2020). These authors 
study epidemics in a model where people are heterogeneous along a variety of 
dimensions. Two key forms of heterogeneity in their environment are differences in 
the probability of becoming infected at work and the extent to which liquidity con-
straints are binding. We view our results as complementary to theirs. Our contribu-
tion is twofold. First, we emphasize the importance of preexisting inequality in case 
fatality rates between high- and low-income people. Second, we highlight in a sim-
ple setting the key forces that generate the observed unequal health and economic 
consequences of the epidemic.

Glover et  al. (2020) analyze a two-sector model (essential and luxury) with 
young workers and retirees. The epidemic creates important distributional effects 
because the luxury sector contracts by more than the essential sector. In addition, 
containment measures redistribute welfare from the young to the old. The old ben-
efit from the reduced risk of infection produced by containment, while the young 
suffer the adverse employment consequences. Carnap et al. (2020) explore how opti-
mal containment policy varies across countries, depending on demographic factors, 
the prevalence of comorbidities and the strength of the health-care system. Rubini 
(2020) studies a model with a subsistence level of consumption and heterogene-
ous work-at-home possibilities. These elements generate substantial heterogene-
ity in the impact of the epidemic across countries. Crucini and O’Flaherty (2020) 
emphasize the importance of regional heterogeneity in epidemic dynamics. In their 
model, each location initially experiences an idiosyncratic virus shock. The virus 
then spreads within locations, through both consumption and employment activi-
ties. It also spreads across locations through travel. Engler, Pouokam, Guzman, and 
Yakadina (2020) analyze the interactions between inequality and the epidemic in an 
open economy context.

Finally, there is a large literature relating the empirical relation of socioeconomic 
status to the incidence of COVID and health outcomes. Below, we discuss three key 
findings that provide independent support for the mechanisms at work in our model.

First, there is strong evidence that the COVID case fatality rate is substantially 
higher for poor people. Chen and Krieger (2020) and Krieger et al. (2020) find that, 
in the USA, case fatality rates are higher in lower-income counties and zip codes. 
While useful, those studies do not link individual incomes to health outcomes. 
Drefahl et al. (2020) overcome this limitation. These authors use data that link all 
recorded COVID deaths in Sweden to highly accurate individual-level administra-
tive data. They find a sharp, negative correlation between case fatality rates and 
income levels.
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Second, the probability of dying from COVID is highly correlated with comor-
bidity conditions and lack of access to high-quality health care. The Center for Dis-
ease Control and Prevention (2020) provides a thorough review of the comorbidities 
that increase the risk of severe illness and death from COVID. There is substantial 
evidence that the relevant comorbidities are negatively related to income, see, for 
example, Hosseinpoor et al. (2012); Price-Haywood et al. (2020); Raifman and Raif-
man (2020); and Williamson et al. (2020).

Third, there is substantial evidence that high-contact industries disproportionately 
employ low-skill, low-wage workers. Other studies provide evidence that high-con-
tact industries disproportionately employ low-skill, low-wage workers. For example, 
Leibovici, Santacreu and Famiglietti (2020) combine individual-level data from the 
2017 American Community Survey with the O*NET index of occupational contact 
intensity. These authors show that the workers in high-contact occupations have on 
average lower incomes. The fact that infections through work are much more likely 
for low-income than for high-income people is consistent with evidence in Dingel 
and Neiman (2020). Finally, Kaplan et al. (2020) provide microevidence that low-
income people work in occupations that are more contact intensive than those of 
high-income people.

3 � Empirical Evidence

In this section, we provide the empirical background for our analysis. First, we pre-
sent cross-sectional evidence from the USA on the relation between preexisting 
income inequality and COVID deaths. Second, we display the time series for con-
sumption expenditures and employment by income groups in the USA using data 
provided by Chetty et al. (2020).

A successful theory of the relation between inequality and COVID deaths needs 
to be consistent with both the cross-sectional and the time series evidence. As it 
turns out, the latter evidence plays a crucial role in disciplining the way we model the 
forces governing the interaction between the COVID epidemic and income inequality.

3.1 � Cross‑Sectional Correlations

We begin by discussing our data sources. The number of COVID deaths per mil-
lion is from the Centers for Disease Control and Prevention. The Gini coefficient 
is from the 2019 Census Bureau’s American Community Survey. Data on real per-
sonal income per capita (purchasing power parity adjusted) are from the Bureau of 
Economic Analysis for 2019, quarter 4. Data on the fraction of the population aged 
65 or older are from the 2019 Census Bureau’s American Community Survey. Data 
on the share of the population in urban areas are from the 2010 Census. Data on the 
number of physicians per one thousand people are from the American Association 
of Medical Colleges.

Our analysis is conducted using cross-sectional data for states in the USA. We 
consider two samples both of which begin on January 22, 2020. The full-sample 
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Fig. 1   New deaths per million Note: 7−day moving average is displayed

Table 1   Data: summary statistics

†Means pertain to the level of the variables
††Standard errors pertain to estimates of the mean
†††Standard deviations pertain to the distribution of the log of the variable, across states, expressed in 
percentage points
Data sources are discussed in the main text

Panel A: predetermined variables

Levels Percent Logs

Meant† Standard†† Standard†††

Error Deviation

Gini coefficient 46.3 0.3 4.1
Real Income per capita 50387.7 770.1 11
(PPP adjusted)
65 or older, share of pop 16.9 0.3 12.7
Urban share 73.8 2.1 22
Physicians per 1000 2.8 0.1 25

Panel B: Dependent variable, cumulative deaths per million

Meant† Standard†† Standard†††

Error Deviation

Full sample
(01/22/2020–06/13/2021) 1658.7 85.5 76
First-wave sample
(01/22/2020–06/30/2020) 308.68 48.8 108
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period ends on June 13, 2021 while the “first-wave” sample period ends on June 
30, 2020. Figure 1 displays new deaths per million in the USA over the full-sam-
ple period, with the red vertical line drawn at the end of the first-wave sample. 
Table 1 reports the average levels of the variables used in our empirical analysis, 
as well as their standard deviations. By construction, the right-hand side variables 
in the regressions are the same in the two sample periods. Note that total deaths 
per million is roughly five times higher in the full sample than in the first-wave 
sample. For both sample periods, there is a great deal of cross-sectional varia-
bility in total deaths per million across US states. For the first-wave sample the 
standard deviation of the logarithm of deaths per million is roughly 108 percent. 
The corresponding figure for the full sample is 76 percent.

Table 2 presents our empirical results. All independent variables are measured 
prior to the onset of the COVID epidemic. Three results are worth noting. First, 
the Gini coefficient is statistically significant at the one-percent significance level 
for both sample periods. A one standard deviation increase in the Gini coefficient 
increases the number of COVID deaths per million by 31 and 52 percent, in the 
full- and first-wave sample, respectively.

Second, for the full sample, physicians per 1000 people are statistically sig-
nificant at the one-percent level. The fraction of the population 65 and older and 
the level of real personal income per capita are significant at the 5 percent level. 

Table 2   Baseline regressions for US States

Robust standard errors in parentheses
***p<0.01, **p<0.05, *p<0.1
 All variables included in the regression are in logs. Sources are outlined in the main text. Summary sta-
tistics are provided in Table 1. Robust Standard Errors are reported in parentheses. Real personal income 
is in per capita terms

Dependent variable: Log of cumulative deaths per million

(1) (2)

Jan ’20–Jun ’21 Jan ’20–Jun ’20

Gini coefficient 7.67*** 12.76***
(1.47) (3.54)

Real personal income 1.70** 2.61
(0.79) (1.67)

65 or older pop share 0.86** 1.27
(0.43) (1.16)

Urban share 0.44 1.15
(0.35) (0.75)

Physicians per 1000 − 1.07*** 0.31
(0.28) (0.67)

Constant − 43.71*** − 80.75***
(11.86) (23.39)

Observations 50 50
R-squared 0.53 0.48
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A more elderly population and higher real personal income per capita are associ-
ated with more COVID deaths. Presumably the latter result reflects that a higher her 
per capita GDP is associated with more trade, commerce and social interactions. As 
expected, a higher number of physicians per 1000 is associated with fewer deaths 
from COVID. In contrast, for the first-wave sample, the only statistically signifi-
cant variable in the regression is the Gini coefficient. Of course, the fact that certain 
right-hand side variables are not statistically significant variables could reflect mul-
ticollinearity issues.2

The key takeaway from Table 2 is that pre-epidemic income inequality is a robust 
explanatory variable for COVID deaths. A different way to see the strong statistical 
relation between these variables is a scatter diagram. The first column of Panels A 
and B in Fig. 2 presents scatter diagrams of the logarithm of the Gini coefficient and 
the logarithm of COVID deaths per million in the two samples. The raw correlation 
between these variables is 0.56 and 0.57 in the full- and first-wave sample, respec-
tively. The second column of Panels A and B in Fig. 2 shows the partial correlation 
between the Gini coefficient and COVID deaths per million based on the controls 
included in Table 2. The correlation between these variables is 0.67 and 0.53 in the 
full- and the first-wave sample, respectively.

In sum, there is a strong and clear statistical relationship between preexisting ine-
quality and COVID deaths across US states.

3.2 � US Employment and Consumption Expenditures During the COVID Recession

In this subsection, we review three important findings documented by Chetty et al. 
(2020).

Figure  3 displays weekly US employment and consumption expenditures, rela-
tive to January 4–31, 2020, for three income groups. Panel A displays consumption 
expenditures for people in ZIP codes with low (bottom quartile) median (two middle 
quartiles) and high income (top quartile). Panel B displays employment levels for 
workers with low (bottom quartile) median (two middle quartiles) and high income 
(top quartile). Our sample period is January 14 to May 30, 2021. The data are aggre-
gated to a weekly frequency from daily data provided by Chetty et al. (2020).

Six features emerge from Fig. 3. First, employment and consumption expendi-
tures fell for all groups in the beginning of the crisis and then recovered during 
the summer. Second, employment fell the most for workers in the bottom quartile 
of the income distribution, with a peak-to-trough decline of roughly 37 percent in 
the first wave of the epidemic. The analogue decline for workers in the top-income 
quartile was only 13 percent. Third, consumption expenditures fell the most for 
people in high-income ZIP codes, with a peak-to-trough decline of 34 percent. 
The analogue decline for consumers in low-income ZIP codes is 26 percent. 
Fourth, consumption expenditures of low-income people recover more quickly 
than those of high-income people. Five, the percentage decline in employment 

2  Our first-wave and full-sample results are robust to including other variables, like average winter tem-
perature, in the regression.
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for high-income workers was much smaller than the percentage decline in con-
sumption expenditures. So, for this group income was smoother than consump-
tion. Sixth, the extent to which employment recovered varies by income group. 
At the end of the sample employment of high-income people actually exceeded 
its pre-COVID level. For middle-income people, employment recovered to 2 per-
cent below its pre-COVID level. In sharp contrast, employment of low-income 
people recovered after the first wave but substantially declined again during the 
second wave that began roughly in December of 2020.

The spending patterns documented by Chetty et al. (2020) have been corrobo-
rated by other authors using data for the USA (Cox et al. 2020), the UK (Hacio-
glu et  al. 2020), Spain (Carvalho et  al. 2020) and Portugal (Eichenbaum et  al. 
2020), respectively.
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4 � Model

Our model is designed to articulate a simple mechanism by which COVID exac-
erbated preexisting inequality in income and health. The basic idea is that low-
wage workers are disproportionately employed in occupations that require a high 
level of social contact, making them susceptible to COVID. The demand for the 
types of goods produced by these workers fell dramatically relative to the goods 
produced by high-income workers. The net effect was that many low-wage work-
ers lost their job while those that retained their job were susceptible of becoming 
infected. An exacerbating factor is that low-wage workers, at least in the USA, 
have more limited access to high-quality health care than high-wage workers. 
Taken together, these forces can generate the empirical relation between ex-ante 
inequality and the disproportionate health and economic impact of COVID on 
low-wage workers.

A key challenge in modeling this mechanism is the requirement that the model 
be consistent with the Chetty et al. (2020) facts: low-income workers suffered larger 
drops in employment than high-income workers but expenditures by low-income 
workers fell by less than those of high-income workers. It turns out that these obser-
vations are an important discipline on our model. To make clear the essential fea-
tures necessary to account for both the Chetty et al. (2020) and the inequality facts, 
we focus on two types of workers as opposed to the richer specification considered in 
Kaplan et al. (2020). For ease of exposition, we refer to low- and high-income work-
ers as being occupied in the nontradable and tradable goods sectors, respectively.
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In principle, it would be straightforward to have a closed-economy version of the 
model in which all the goods have to be produced domestically. Using a small open 
economy lets us highlight the mechanisms at work in our model with a minimum of 
complications.

We assume that the nontradable good is associated with higher infection risk than 
the tradable good, in both production and consumption. Our motivation is as follows: 
Ross and Bateman (2019) show that low-wage workers are concentrated in sectors 
such as retail sales, food and beverage service, cooks and food preparation, and other 
personal care and service workers. These sectors are generally thought of as produc-
ing nontradable goods and services. Dingel and Neiman (2020) use the O*NET data-
base to show that most of these jobs cannot be performed from home. So workers in 
these industries must maintain high levels of social contact that increase the chances 
of becoming infected. Broadly speaking, we think of these workers as having occupa-
tions in sectors that Kaplan et al. (2020) classify as “essential” or “social-rigid” that is 
sectors with a high degree of social interaction and jobs that cannot be performed from 
home. Significantly, Abel and Deitz (2021) show that, regardless of occupation, low-
wage workers are less likely to work remotely.

To generate income inequality in the model, we make the following assumptions. 
First, people are specialized in the type of goods that they can produce. Second, there 
is a relatively large supply of people who can produce the nontradable good. As a result 
of these two assumptions, wages are much higher in the tradable goods sector than in 
the nontradable goods sector. The model abstracts from income heterogeneity of work-
ers within each sector.

We assume that low-income people are “hand-to-mouth” consumers. This assump-
tion is consistent with evidence in Kaplan et  al. (2020) that there is a high share of 
hand-to-mouth consumers in the “essential” or “social-rigid” sectors. The government 
and high-income people can borrow and lend in international capital markets.

To simplify the analysis, we assume that the real interest rate is fixed. In practice, 
the US real interest rate as measured by 10-year Treasury inflation-indexed bonds fell 
by roughly one percent after March 2020. This fall reflected a host of considerations 
including an initial flight to safety and the response of monetary policy to the pan-
demic. Modeling these effects would greatly complicate the analysis without changing 
our central message.

Finally, for tractability, we assume that people are organized into high- and low-
income households, each of which has a continuum of identical members. This house-
hold structure introduces limited sharing of health risks among people with the same 
income. Without the household structure, the asset holdings of a person would depend 
on how long they had a particular health status. So, as time goes by, we would have to 
keep track of an increasing number of types of people.

4.1 � Tradable and Nontradable Consumption Goods

The price of the nontradable good, P1t , is determined in the domestic market. The 
price of the tradable good, P2t , is determined in international markets by absolute 
purchasing power parity:
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Here, P∗
t
 is the price of the tradable good in foreign currency and Xt is the nominal 

exchange rate, expressed as units of domestic currency per unit of foreign currency. 
To simplify, we normalize Xt and P∗

t
 to one, so

There is a measure-one continuum of competitive tradable and nontradable good 
firms. Production of the nontradable good ( Y1t ) is given by:

Production of the tradable good ( Y2t ) is given by:

The variables Nlt and Nht denote the amount of labor used in the production of non-
tradable and tradable goods, respectively.

The profits of nontradable and tradable goods producers are

where wlt and wht are the wages of workers in the nontradable and tradable sector, 
respectively. Since people can only work in one sector, wlt is, in general, not equal to 
wht.

Firms’ first-order conditions are

Since firm profits are zero in equilibrium with both flexible and sticky wages, it does 
not matter who owns the firms.

4.2 � Sticky Wages

To prevent large counterfactual swings in the relative price of nontradables, we 
incorporate nominal rigidities in the model. We assume that wages are sticky and 
equal to their pre-epidemic levels. According to Eq. (2), sticky wages imply that P1t 
is sticky. Since P2t is constant, the relative price of nontradables is constant.

Our motivation is as follows. With the onset of COVID, the US dollar initially 
appreciated reflecting a flight to safety. That appreciation was quickly reversed and 
the real exchange rate remained similar to its pre-COVID value. For example, the 
broad trade-weighted US dollar index for goods and services was 115 in January 

P2t = XtP
∗
t
.

(1)P2t = 1.

Y1t = AlNlt.

Y2t = AhNht.

�1t =P1tAlNlt − wltNlt,

�2t =P2tAhNht − whtNht,

(2)wlt =P1tAl,

(3)wht =P2tAh.
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2020 and 111 in May 2021.3 In our model, the real exchange rate is driven by the 
relative price of tradable to nontradable goods. Given our assumption, the real 
exchange rate is constant in our model.

Our model also implies that inflation is zero. This property captures the notion 
that inflation did not respond substantially to the COVID epidemic. Cavallo (2020) 
provides a detailed analysis of inflation during the COVID epidemic allowing for 
changes in expenditure weights. Some categories like “food at home” show sub-
stantial inflation. But the overall behavior of inflation was similar before and after 
COVID.

Our assumption that wages are sticky captures the notion that inflation did not 
respond substantially to the COVID epidemic. The Federal Reserve Bank of Atlanta 
uses microdata from the Current Population Survey to compute median wage 
growth of high-, medium- and low-skill workers. According to these data, for each 
skill category, the average monthly median wage growth in the 12 months preceding 
February 2020 was about the same as in the 12 months preceding February 2021. So 
COVID did not affect the pattern of wage growth.

From a modeling perspective, the assumption of sticky wages has no impact on 
the market for high-income workers. The reason is that the equilibrium value of 
wht is constant and equal to its pre-epidemic value (see Eq. ( 3)). The sticky wage 
assumption does affect the equilibrium wages of low-income workers. As in stand-
ard in sticky wage models (e.g., Erceg et al. 2000), we assume that employment is 
demand determined. So, the first-order condition for hours worked does not hold for 
low-income people. In contrast, the first-order conditions for hours worked by high-
income workers does hold.

4.3 � Epidemic Dynamics

Before the onset of the epidemic, the economy is in steady state. We normalize 
the size of the initial population to one. Let sh and sl denote the share of the initial 
population that has high and low income, respectively. As in the classic SIR model 
of Kermack and McKendrick (1927), at the onset of the epidemic the population 
is divided into four groups: susceptible (people who have not yet been exposed to 
the virus), infected (people who have been infected by the virus), recovered (people 
who survived the infection and acquired immunity) and deceased (people who died 
from the infection). We denote the fraction of the initial population in each group 
by Sjt , Ijt , Rjt and Djt , respectively. The subscript j refers to high (h) or low skill (l), 
j ∈ {l, h}.

At time zero, a fraction � of the population is infected by a virus. The initial infec-
tion is distributed across high- and low-skill workers according to the weight of 
these groups in the population,

Ij0 = sj�,

3  Series RTWEXBGS constructed by the Board of Governors of the Federal Reserve System.
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j = l, h . The rest of the population is susceptible to the virus,

Social interactions occur at the beginning of the period (infected and susceptible 
people meet). Then, changes in health status unrelated to social interactions (recov-
ery or death) occur. At the end of the period, the consequences of social interactions 
materialize and �jt susceptible people of type j become infected.

As in Eichenbaum et al. (2021), we assume that susceptible people can become 
infected in three ways: purchasing consumer goods, working and through random 
interactions unrelated to economic activity.

The variables ( cs
jgt

 , ci
jgt

 , cr
jgt

 ) and ( ns
jt
 , ni

jt
 , nr

jt
) denote the consumption of good g 

and hours worked by a person of type j (high or low income) who is susceptible, 
infected and recovered, respectively.

Recall that a person of type j belongs to a household of type j. The shares of 
people in household type j who are susceptible ( sjt ), infected ( ijt ), recovered ( rjt ) 
and deceased ( djt ) evolve according to

In every period, t, �jt people who are susceptible become infected at time t + 1 (Eqs. 
(4) and (5)). A fraction �jr of type j people who are infected at time t become recov-
ered at time t + 1 (Eqs. (5) and (6)). A fraction �jd of type j people who are infected 
at time t die at time t + 1 (Eqs. ( 5) and (7)).

The fraction of the initial population that is of type j and becomes infected at 
time t is

Here CI
j1t

 and CI
j2t

 is the total consumption by infected people type j of good 1 and 2, 
respectively. The variables Iht and Ilt denote the aggregate number of high- and low-
income people who are infected, respectively.

The probability of a type j person getting infected by consuming goods one 
and two is �1sjtcsj1t(IhtC

I
h1t

+ IltC
I
l1t
) and �2sjtcsj2t(IhtC

I
h2t

+ IltC
I
l2t
) , respectively. The 

term �j3sjtnsjtIjtN
I
jt
 represents the probability of a type j person becoming infected 

at work. Equation (8) embodies the assumption that type j people only interact 
with other type j people at work. The term �4sjt

(
Iht + Ilt

)
 represents the 

Sj0 = sj(1 − �).

(4)sjt+1 = sjt − �jt,

(5)ijt+1 =
(
1 − �jr − �jd

)
ijt + �jt,

(6)rjt+1 = rjt + �jrijt,

(7)djt+1 = djt + �jdijt.

(8)
�
jt
=
(
1 − ��

t

)
[�1sjtc

s
j1t
(IhtC

I
h1t

+ IltC
I
l1t
) + �2sjtc

s
j2t
(IhtC

I
h2t

+ IltC
I
l2t
)

+ �j3sjtn
s
jt
IjtN

I
jt
+ �4sjt

(
Iht + Ilt

)
].
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probability of a type j person being infected due to interactions that are unrelated 
to consumption or work.

The term 1 − ��
t
 in Eq. (8) represents time variation in the probability of becom-

ing infected. This variation comes from two sources. First, there is seasonality in rates 
of infection. When the weather is hot, people spend less time indoors, reducing the 
chances of infection. Also, it is possible that summer conditions, such as warm tem-
peratures and abundant UV light, make it harder for the virus to propagate (see, e.g., 
Merow and Urban 2020). Second, businesses reorganized to reduce the probability that 
workers and customers will get infected. This reorganization includes home delivery 
of food, installation of Plexiglas dividers at retail outlets and implementation of social 
distancing rules and mask usage in consumption and production activities.

4.4 � Households

High-income people can save in international bond markets at a fixed interest rate, r∗ . 
Consistent with evidence in Kaplan et al. (2020), we assume that low-income people 
are “hand to mouth,” i.e., their consumption and income coincide.

The nontradable good is essential in the sense that people have to consume at least 
c̄ units of it. The tradable good is not essential, so there is no minimum consumption 
requirement.

The momentary utility function of a person with health status x is given by

where x can take the values s, i and r, corresponding to susceptible, infected and 
recovered, respectively. We use the variable �c

t
 to model exogenous variations in 

consumption demand associated with containment measures imposed by the govern-
ment. We discuss the motivation for this way of modeling containment in the cali-
bration section. As in Hall and Jones (2007), momentary utility includes a constant ( 
m) that affects the value of life. We use this constant to ensure that lifetime utility is 
positive so that people prefer living to dying.

Type j households maximize their lifetime utility,

Here, sjt , ijt and rjt denote the measure of family members who are susceptible, 
infected and recovered.

The budget constraint for high-income households, expressed in units of local cur-
rency, is

u(cx
j1t
, cx

j2t
, nx

jt
) = m +

(
1 − 𝜖c

t

)
[(1 − 𝜂) log(cx

j1t
− c̄) + 𝜂 log(cx

j2t
)] −

𝜃

2

(
nx
jt

)2

,

Uj =

∞∑
t=0

� t
{
sjtu(c

s
j1t
, cs

j2t
, ns

jt
) + ijtu(c

i
j1t
, ci

j2t
, ni

jt
) + rjtu(c

r
j1t
, cr

j2t
, nr

jt
)
}
.

(9)
Xtb

∗
ht+1

+ P1t

(
shtc

s
h1t

+ ihtc
i
h1t

+ rhtc
r
h1t

)
+ P2t

(
shtc

s
h2t

+ ihtc
i
h2t

+ rhtc
r
h2t

)

= wht

(
shtn

s
ht
+ ihtn

i
ht
+ rhtn

r
ht

)
+ (1 + r∗)Xtb

∗
ht
+ Γht.
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Here b∗
ht

 denotes the household’s holdings of a foreign currency bond and Γht is gov-
ernment lump-sum transfers.4 Recall that Xt is the spot exchange rate which is equal 
to one. There is no sign restriction on b∗

ht
 . The household is subject to the non-Ponzi 

scheme condition,

There is no expectation operator in this expression because the household has a con-
tinuum of members, so, the law of large numbers applies.

The nominal budget constraint for low-income households is,

where Γlt is government lump-sum transfers.
The household takes into account the probability of its susceptible members 

becoming infected when consuming or working. The household takes as given the 
total number of high- and low-income people infected in the economy, as well as 
aggregate consumption and hours worked.

The variables �jst , �jit, �jrt and �j�t denote the Lagrange multipliers associated with 
Eqs. (4), (5), (6) and (8). The variable �jbt denotes the Lagrange multiplier associ-
ated with the budget constraint for household type j.

The first-order conditions for the consumption of good one and two by people 
with health status j are:

Here, the indicator function ℑj takes the value one if a person of type j is susceptible 
and zero otherwise.

The first-order condition for the labor supply of high-income susceptible people 
is:

Recall that the first-order conditions for hours worked by low-income people do 
not hold because of sticky wages. Hours worked by low-income people are demand 
determined. To simplify, we assume that all low-income people supply the same 
hours of work independently of their health status.

lim
t→∞

b∗
ht+1

(1 + r∗)t
= 0 .

(10)
P1t

(
sltc

s
l1t

+ iltc
i
l1t

+ rltc
r
l1t

)
+ P2t(sltc

s
l2t

+ iltc
i
l2t

+ rltc
r
l2t
)

= wlt(sltn
s
lt
+ iltn

i
lt
+ rltn

r
lt
) + Γlt,

(
1 − 𝜖c

t

) 1 − 𝜂

cx
j1t

− c̄
= P1t𝜆bjt − 𝜆j𝜏t

(
1 − 𝜖𝜏

t

)
𝜋1(IhtC

i
h1t

+ IltC
i
l1t
)ℑj,

(
1 − �c

t

) �

cx
j2t

= P2t�bjt − �j�t
(
1 − ��

t

)
�2(IhtC

i
h2t

+ IltC
i
l2t
)ℑj.

�ns
ht
= wht�hbt + �h�t�j3

(
1 − ��

t

)
IhtN

i
ht
ℑh.

4  To simplify the notation, we omit the profits from the budget constraint since these are always zero in 
equilibrium.
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The first-order conditions with respect to sjt+1 , ijt+1 , rjt+1 and �jt are:

4.5 � Government Budget Constraint

We model the various income stabilization programs implemented in the USA 
and in other countries as follows. The government makes positive lump-sum 
transfers to low-income workers ( Γlt > 0 ) until period T. These transfers are 
financed by issuing government debt, bgt which yields an interest rate r∗ . In every 
period after time T, the government levies lump-sum taxes on high-income work-
ers ( Γht < 0 ) to finance interest on the accumulated government debt. The flow 
government budget constraint is given by

where Sjt , Ijt and Rjt denote the aggregate level of susceptibles, infected and recov-
ered people in group j. This formulation is consistent with a run up in government 
debt during the epidemic. Equation (13) implies that the level of government debt 
remains stable after period T. Equations (11), (12) and (13) satisfy the non-Ponzi 
scheme condition

m +
(
1 − 𝜖c

t+1

)
(1 − 𝜂) log(cs

j1t+1
− c̄) +

(
1 − 𝜖c

t+1

)
𝜂 log(cs

j2t+1
)

−
𝜃

2

(
ns
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)2

+ 𝜆j𝜏t+1
(
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t+1

)
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(
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]
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(11)bgt+1 = Γlt

(
Slt + Ilt + Rlt

)
+ Γht

(
Sht + Iht + Rht

)
+ (1 + r∗)bgt,

(12)Γht = 0 for t < T , Γlt = 0 for t ≥ T ,

(13)Γht

(
Sht + Iht + Rht

)
= −r∗bgt for t ≥ T ,
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Ricardian equivalence holds for high-income households who can borrow and lend 
at the same rate as the government. So, the precise path of Γht does not affect con-
sumption of high-income households.

4.6 � Equilibrium Conditions

In equilibrium, households maximize their utility, firms maximize profits, and the 
government budget constraint holds. The markets for goods one and two clear,

The labor market for high- and low-income people clear:

The fraction of people in household type j who are susceptible, infected and recov-
ered is the same as the corresponding fractions in the population:

Aggregate consumption ( Ct ) and hours worked ( Nt ) are given by

In the Technical Appendix, we provide a list of the equations that define the 
equilibrium.

5 � Quantitative Analysis

In this section, we describe the model calibration and discuss the model’s quanti-
tative properties. We then discuss how containment policies and fiscal transfers 
impacted inequality in life and death.

5.1 � Model Calibration

We set the weekly discount factor � to 0.981∕52 . We choose � so that weekly per cap-
ita hours worked are equal to 28, the average hours worked in the USA according to 
the Bureau of Labor Statistics 2018 time-use survey. We set � = 1∕2 , which implies 

lim
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that the share of good one in total consumption expenditures is roughly 50 percent 
(see Table 3 in Burstein, Eichenbaum and Rebelo (2005)).5 The constant in the util-
ity function, m, is chosen so that the weighted average value of a statistical life is 3.5 
million.6 This value is in the range discussed by Kniesner and Viscusi (2019).

We set the share of high-income workers in the labor force to 18 percent. The 
subsistence level, c̄ , is chosen so that the share of high-skill workers in the total wage 
bill is 38 percent. These shares are estimated by combining data from the Bureau 
of Labor Statistics on the distribution of employment across sectors and the share 
of high-skill workers in each of these sectors reported by Jaimovich et al. (2020). 
These authors define high-skill workers in a given industry as workers whose wage 
exceeds the average wage of college graduates in that industry.

We choose bond holdings in the initial steady state so that average household 
net worth is equal to $68, 000 , the estimate produced by the US Census for 2010. 
Since low-income families have zero bond holdings and high-income households 
represent 18 percent of the population, bond holdings for high-income households 
are $68, 000∕0.18 = $380, 000 . We set Al = Ah = A and choose A so that per capita 
income is $58, 000 in the pre-epidemic steady state.

Consistent with the evidence in Drefahl et al. (2020), we assume that the mortality 
rate is roughly 40 percent higher for low-income people than for high-income peo-
ple. We obtain this estimate by averaging the case fatality rates for men and women 
reported in Table 3 of Drefahl et al. (2020). In the last tercile of the income distribu-
tion, the average mortality rate across men and women is (0.76 + 0.26)∕2 = 0.51 . 
The analogue number for the second to last tercile is (0.51 − 0.01)∕2 = 0.25 . The 
average of the latter two numbers is roughly 0.4,   i.e., 40 percent. This evidence 
is based on Swedish data. We presume that the difference in mortality rates for 
low- and high-income people are larger in the USA because of the high incidence 
of comorbidity among poor people and the absence of a universal health-care sys-
tem. So, our calibration provides a conservative estimate of the role of preexisting 
inequality in COVID mortality rates.

We set the four parameters that control recovery and death to satisfy four condi-
tions. First, consistent with the evidence in Drefahl et al. (2020) for households in 
the last tercile of the income distribution, the case fatality rate for low-income house-
holds, �ld∕(�ld + �lr) , is 0.5 percent. Second, �ld∕�hd = 1.4 . Third, the average time 
to recovery or death for high-income workers 1∕(�hd + �hr) is two weeks. Fourth, 
the average time to recovery or death for low-income workers 1∕(�ld + �lr) is also 
two weeks. We obtain the following parameter values: �ld = 0.0025 , �hd = 0.0018 , 
�lr = 0.4975 and �hr = 0.4982.

We set the initial seed of infection in January 2020 ( � ) to 0.001. To fit the 
data on spending and employment, we choose the five parameters �1 , �2 , �l3 , �h3 
and �4 so that the model matches five features of the data: the peak-to-trough 

5  This is a conservative estimate of the importance of nontradable goods because it abstracts from distri-
bution costs associated with tradable goods.
6  The underlying value of life implied by our calibration for low- and high-income individuals is 2 and 
10 million dollars, respectively.
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declines in consumption and hours for the two groups, as well as the “Mer-
kel scenario.” By the latter we mean that in the model eventually 60 percent of 
the population is infected in the absence of containment or actions by house-
holds to reduce the chances of getting infected (see Eichenbaum et  al. 2021 for 
a discussion). These requirements imply that: (i) infections through work are 
about 20 times more likely for low-income people than for high-income peo-
ple and (ii) consumption of good one is 5 percent more contagious than con-
sumption of good two. The resulting parameters of the transmission function are: 
�1 = 7.4040 × 10−9,�2 = 1.1457 × 10−7,�h3 = 8.3779 × 10−4,�l3 = 5.2498 × 10−4 
and �4 = 0.3743 (see section C in the Technical Appendix for more details).

Recall that the term 1 − ��
t
 captures the effect on infection rates of seasonality and 

private sector reorganization. We choose the time path for ��
t
 so that the model can 

capture the fact that spending recovered in the 3rd quarter without a correspond-
ing surge in the number of COVID deaths. As a result, we assume that 1 − ��

t
 falls 

gradually until it declines by 70 percent between the middle and the end of April.
The term �c

t
 captures government-imposed containment measures. We choose the 

level and time path for �c
t
 with two objectives in mind. First, we want the model to be 

consistent with the mid-March upsurge of workplace closings in the USA reported 
by Oxford University’s Coronavirus government response tracker. Second, we want 
the model to be consistent with troughs for consumption and employment of differ-
ent groups while not overshooting the expansion that occurred in the 3rd quarter. 
These considerations led us to chose a value of �c

t
 equal to 30 percent from mid-

March on.
Congress passed the Coronavirus Aid, Relief, and Economic Security (CARES) 

Act on March 27, 2020. Under this law, the US government distributed 267 billion 
dollars stimulus payments to lower-income households (Garner et  al. 2020). This 
value implies a transfer per low-income household of 267, 000/(260 × 0.82), where 
260 is the number of people 16 and older in the USA, measured in millions, and 
0.82 is the share of low-income workers in the population. Low-income workers 
received payments from the CARES act in a lump-sum manner and chose to smooth 
out the use of those funds over the time. This assumption is consistent with find-
ings in Cox et al. (2020) who argue that transfers associated with stimulus programs 
can explain the disproportionate increase in liquid balances for low-income people. 
These balances were spent over time in a way that smoothed consumption. To mimic 
the resulting consumption pattern in our model, we assume that per capita govern-
ment transfers to low-income people were on average roughly $50 a week for half 
a year, starting in mid-April. So, in the model the government effectively smooths 
consumption of low-income households over time.

Finally, we model people’s expectations as follows. The epidemic starts in the 
first week of January but people do not take it into account in their choices of con-
sumption and labor until mid-March. So, all economic variables remain at their 
steady-state values until mid-March. But people’s health status is evolving accord-
ing to Eqs. (4), (5), (6), (7) and (8). In mid-March, people become aware of the 
epidemic as well as the path for government transfers to low-income workers, taxes 
on high-income workers, containment measures and changes in transmission prob-
abilities associated with business reorganization and seasonality. This assumption is 
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consistent with the patterns of searches for the word “COVID” in Google trends.7 
The number of searches prior to March relative to the peak number of searches dur-
ing the epidemic is less than one percent. The number of searches rose dramatically 
in the middle of March 2020.

5.2 � Quantitative Properties of the Model

We focus on the performance of the model in the first sample (from March to July 
2020) for two reasons. First, our model abstracts from the possibility of vaccinations 
and of substantial improvements in treatments. By the fall it became increasingly 
clear that vaccinations and more effective treatments were likely to arrive soon. 
This information is likely to have affected people’s behavior in ways that our simple 
model does not capture. Second, the results of the November presidential election is 
likely to have affected people’s expectations about fiscal policy. This effect is likely 
to have changed people’s behavior, particularly that of low-income people, in ways 
that our model abstracts from.
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7  See https://​trends.​google.​com/​trends/​explo​re?​date=​today%​205-​y&​geo=​US&q=​COVID .

https://trends.google.com/trends/explore?date=today%205-y&geo=US&q=covid
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Recall that, for tractability, our model has only two types of people. To map the 
data into this framework, we convert Chetty et al. (2020)’s three income categories 
into two categories: high income (the top quartile) and low income (the weighted 
average of the three bottom quartiles). Figure 4 displays income and spending for 
these two groups as well as total COVID deaths. The red and blue solid (dotted) lines 
correspond to the high- and low-income group in the data (model), respectively.

This figure shows that our model captures the key qualitative features of the 
data emphasized in the introduction. First, economic activity troughs in the spring 
of 2020 and then partially recovers in the summer. Second, the spending by high-
income people falls by in percentage terms more than that of low-income people. 
Third, employment of high-income people falls in percentage terms by less than that 
of low-income people. Fourth, consumption of high-income people falls by more 
than employment, so that their income is smoother than their consumption.

In our model, the initial sharp decline in economic activity is fuelled by peo-
ple’s realization in March that there is an ongoing epidemic. The behavior of high-
income people is governed by two key considerations. First, they are much less 
prone to becoming infected at work than low-income people. Second, they have a 
higher value of life than low-income people which makes them more sensitive to 
the dangers of becoming infected through market activity. Taken together, these 
considerations imply that employment falls by less for high-income people than for 
low-income people. High-income people cut their consumption by more than low-
income people. This result partially reflects the fact that high-income people have 
access to financial markets, which they use to increase their savings.8

The behavior of low-income people is governed by the following considera-
tions. Wages in the nontradable good sector are sticky, so employment is demand 
determined. Both high- and low-income people cut back on all forms of consump-
tion. Recall that nontradable goods are more infectious than tradable goods, so, 
high-income people cut back on their consumption of nontradable goods relative to 
tradable goods by a large amount. Low-income people are closer to the subsistence 
level, c̄ , so they reduce their consumption of nontradable goods by less than tradable 
goods. Since high-income people represent the bulk of spending in both categories, 
their behavior dominates and there is a disproportionate decline in the demand for 
nontradable goods. The result is a disproportionately large decline in the employ-
ment of low-income people.

The model is consistent with the partial recovery in economic activity during 
the summer. This recovery is fueled by the assumed drop in infection rates during 
this period, the phasing out of containment and the implementation of government 
transfers.

Finally, according to Fig. 4, the model succeeds in accounting for the total num-
ber of deaths during the first wave of the epidemic.

8  In the data, savings also increased for low-income people. This increase primarily reflected the pattern 
of government transfers and consumption smoothing behavior, see Cox et al. (2020).
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The impact of �̄
To quantify the impact of the subsistence level c̄ , we resolve the model setting 

c̄ to zero. Consistent with the above intuition, in the model with c̄ = 0 the peak-
to-trough fall in spending is similar for low- and high-income people. So, this ver-
sion of the model is inconsistent with key facts about consumption documented by 
Chetty et al. (2020). Since spending in nontradable goods falls by more in the model 
with c̄ = 0 , so too does employment in the nontradable sector. This effect moves the 
model’s implications for employment of low-income people away from the data.

The impact of nominal rigidities
To quantify the impact of nominal rigidities, we resolve the model assuming that 

wages are fully flexible. Under this assumption the price of nontradable goods is no 
longer constant. The model’s ability to account for the Chetty et al. (2020) facts does 
not depend sensitively on the assumption of sticky wages. However, the model’s 
quantitative performance is somewhat worse. The key impact of flexible wages is that 
the nontradable prices goods increases by about 25 percent between February and 
April before declining.

5.3 � Inequality in Life and Death

In this subsection, we analyze the model’s implications for inequality in life and death. 
First, we discuss the dynamics of income inequality and COVID deaths implied by the 
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model. Second, we ask whether the model can account for the empirical correlation 
across US states between preexisting inequality and cumulative COVID deaths.

Figure  5 shows that at the beginning of the epidemic, high-income people 
account for 18 percent of the population and 46 percent of total income. Their 
share of income is substantially higher at the peak of the epidemic in April. This 
result reflects the sharp relative decline in employment of low-income people and 
the presence of sticky wages. Consistent with this intuition, much of the inequal-
ity wanes as the economy partially recovers in the summer. In this precise sense, 
the model captures the rise in inequality induced by the epidemic.

The second panel of Fig. 5 displays COVID mortality rates for high- and low-
income people. The model is consistent with the unequal health impact of the epi-
demic. This inequality reflects two forces. The first force is preexisting inequality 
in comorbidity rates and access to quality health care. This inequality would have 
led to a higher death toll among low-income people, regardless of the economic 
impact of COVID. The second force is the unequal impact of the COVID recession 
on different types of people. Low-income people are more likely to become infected 
at work. In addition, they spend a higher fraction of their income on goods whose 
consumption is associated with higher infection rates. Taken together, these consid-
erations imply that their health is disproportionately impacted by the epidemic.

To isolate the effect of preexisting inequality in comorbidity rates and access to 
quality health care, we solve the model assuming that the case fatality rate is the 
same for high- and low-income people ( �ld = �hd ). Figure 6 displays the cumula-
tive mortality rates in this version of the model as well as in the benchmark model. 
Two key results emerge. First, the death rate among low-income people would have 
been 30 percent lower if they had the same case fatality rate as high-income people. 
So, the model implies that preexisting inequality in access to quality health care is 
a powerful force generating inequality in death. Broadly speaking, this finding is 
consistent with our empirical findings summarized in Sect. 2 about the link between 
preexisting inequality and higher mortality rates across countries and US states.
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Second, even when �ld = �hd , the COVID mortality rate would have been 23 per-
cent higher for low-income people versus high-income people (0.0027 versus 0.0022 
percent). The reason is that low-income people work in jobs that expose them to a 
higher probability of infection. The latter result is consistent with the health litera-
ture cited above as well as the economic literature (e.g., Kaplan et al. 2020).

We now turn to the striking statistical correlation across US states between pre-
COVID income inequality and COVID deaths. To study whether our model can 
account for this pattern, we solve it for different values of sh , the fraction of high-
skill households in the economy. To isolate the impact of pre-COVID income ine-
quality we recalibrate Al so that the relative price of nontradables is constant across 
economies. We also maintain the transfers received by low-income households at 
the level of $1, 200 used in our baseline calibration. For each value of sh , we com-
pute the Gini coefficient in the economy’s pre-COVID steady state as well as the 
total number of COVID deaths of high- and low-income people.

It is well known that the Gini coefficient is sensitive to the share of income 
received by a set of very wealthy people that represent a small fraction of the popu-
lation. Building on Atkinson (2007), Alvaredo (2010) shows that if the very wealth 
receive a fraction S of total income and are an infinitesimal fraction of the popula-
tion, the Gini coefficient, G, is approximately equal to G∗(1 − S) + S , where G∗ is 
the Gini coefficient for the rest of the population. In our baseline calibration the Gini 
coefficient is 0.3. According to Piketty et al. (2017), the top 1 percent income earn-
ers in the USA received 22 percent of total income in 2015. Our model abstracts 
from the presence of these types of people. The Gini coefficient for the USA in 2019 
is 0.48. Using the Atkinson–Alvaredo approximation to correct for the presence of 
the top 1 percent income earners yields a Gini coefficient of roughly 0.3.
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Figure 7 plots cumulative COVID deaths for high- and low-income people as well 
as total COVID deaths for different Gini coefficient values in our model. As back-
ground for interpreting the figure, note that increasing sh , i.e., raising the fraction of 
the population that has high income, reduces the Gini coefficient.9 According to the 
graph, a smaller Gini coefficient is associated with a larger number of high-income 
people dying. This property is driven by the fact that there are more high-income peo-
ple. The COVID mortality rate for high-income person declines slowly as sh falls.

A smaller Gini coefficient is associated with fewer low-income people dying. 
This property reflects two forces that work in the same direction. First, there are 
fewer low-income people in economies with low Gini coefficients. Second, in low-
Gini economies, wages of low-income people are higher so the value of their life is 
higher. So, low-income people reduce their labor supply and consumption of high-
contact goods. As a result their COVID-related mortality falls.

The relation between the Gini coefficient and total deaths depends on whether 
low- or high-income households dominate. For an empirically plausible range 
around a corrected Gini coefficient of 0.3, the behavior of low-income households 
dominates so that less inequality is associated with fewer overall deaths. So, viewed 
overall, the model accounts for the positive association between COVID deaths and 
income inequality documented in our empirical work.

5.4 � Policy Interventions

Our model embodies two important policies implemented during the first phase of 
the epidemic: containment and fiscal transfers to low-income people. We use the 
model to assess how these policies impacted inequality in life and death.

The pink lines in column one and two of Fig. 8 show how income inequality and deaths 
per capita would have evolved in the absence of transfers to low-income people. Two key 
results emerge. First, the rise in income inequality generated by the epidemic would have 
been much more persistent absent fiscal transfers. The reason is that transfers increase the 
demand for nontradable goods and employment of low-income people. Second, the mor-
tality rates would have been slightly lower for both income groups had there been no trans-
fers. Absent transfers economic activity would have been lower, resulting in lower infec-
tion rates. Overall, transfers reduced income inequality and stimulated economic activity 
without having a large impact on the death toll of the epidemic. So, according to our model 
there is not much of a trade-off between using transfers to reduce COVID-related income 
inequality and the adverse health outcomes of higher economic activity.

The green lines in column one and two of Fig. 8 shows how income inequality and 
deaths per capita would have evolved in the absence of containment. Both groups 
consume more in this scenario. Since wages are sticky in the nontradable good sector 
and the demand for nontradable goods is higher, there is more employment for low-
income workers. The spending effects are particularly strong in the midsummer since 

9  The Gini index reflects two forces: i) the relative income of rich and poor people and ii) the number of 
rich and poor people. There would be perfect equality, if everyone was poor or everyone was rich. In our 
parameterized model a larger share of the population becoming rich reduces the Gini index.
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low-income workers continue to receive fiscal transfers and there is no containment. 
As a result, income inequality temporarily dips below its pre-epidemic level.

In sum, containment disproportionately reduced the employment and income of low-
income workers, magnifying income inequality. At the same time, containment dramati-
cally reduced mortality rates for all people. This reduction was roughly 31 percent for low-
income workers and 27 percent for high-income workers. So containment per se greatly 
increases income inequality but saved many lives of both high- and low-income people.

6 � Conclusion

In this paper, we develop a model that allows us to analyze why poor people suffered dis-
proportionately from the COVID epidemic. While simple, our model accounts for key 
aspects of the COVID recession in the USA. First, economic activity steeply declined at 
the onset of the epidemic and then partially recovered in the summer. Second, employ-
ment fell disproportionately more and consumer spending disproportionately less for 
low-income people, relative to high-income people. Finally, consumer spending by high-
income people fell, in percentage terms, by substantially more than their employment.

For the USA, our model suggests that preexisting inequality in health conditions 
was a key driver of the disproportionately high toll suffered by poor people. But 
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inequality in the nature of occupations contributed a great deal as well. Neither of 
these forces could have been effectively countered once the epidemic began. As a 
result, the poor paid a terrible price.

Appendix A Equilibrium Equations

The model has the following 54 endogenous variables:

Exogenous variables:

where �Γ
t
 is an exogenous variable shifting government transfers to low-skilled 

people.
We have the following 54 nonlinear equilibrium equations which we solve using 

a gradient-based two-point boundary-value algorithm. See the replication files avail-
able on the authors’ websites for details.

Market clearing good 1:

Budget constraint high-skill household:

Budget constraint low-skill household:

Good 2 is the numeraire, so:

Labor is paid its marginal product:
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Aggregate consumption and labor:

First-order condition (FOC) foreign bond:

Population dynamics:
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Consumption first-order conditions (FOCs), susceptibles:

Labor supply high skilled, susceptibles:

Sticky wages, low skilled:

Further FOCs:

Government transfers to low-skill people:

where �Γ
t
 is an exogenous shifter of transfers to low-skill people.

Government budget with international borrowing by the government and lump-
sum tax rule:

Total consumption expenditures and total labor supplied by high- and low-skill 
people:
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Utility:

By Walras’ law, the market clearing condition for good 2 is redundant and hence not 
included in the above system of equilibrium equations:

Appendix B Pre‑Epidemic Steady state

Assuming no containment and no transfers in the pre-epidemic steady state, we 
obtain:

After repeated substitutions, we obtain the following system of seven core steady-
state equations with seven unknowns:

Cht =P1t

(
shtc

s
h1t

+ ihtc
i
h1t

+ rhtc
r
h1t

)
+ P2t

(
shtc

s
h2t

+ ihtc
i
h2t

+ rhtc
r
h2t

)
,

Clt =P1t

(
sltc

s
l1t

+ iltc
i
l1t

+ rltc
r
l1t

)
+ P2t

(
sltc

s
l2t

+ iltc
i
l2t

+ rltc
r
l2t

)
,

Nlt =sltn
s
lt
+ iltn

i
lt
+ rltn

r
lt
,

Nht =shtn
s
ht
+ ihtn

i
ht
+ rhtn

r
ht
.

Ujt =sjt

[
m +

(
1 − 𝜖c

t

)
(1 − 𝜂) log(cs

j1t
− c̄) +

(
1 − 𝜖c

t

)
𝜂 log(cs

j2t
) −

𝜃

2

(
ns
jt

)2
]

+ ijt

[
m +

(
1 − 𝜖c

t

)
(1 − 𝜂) log(ci

j1t
− c̄) +

(
1 − 𝜖c

t

)
𝜂 log(ci

j2t
) −

𝜃

2

(
ni
jt

)2
]

+ rjt

[
m +

(
1 − 𝜖c

t

)
(1 − 𝜂) log(cr

j1t
− c̄) +

(
1 − 𝜖c

t

)
𝜂 log(cr

j2t
) −

𝜃

2

(
nr
jt

)2
]

+ 𝛽Ujt+1.

b∗
ht+1

+ (sltc
s
l2t

+ iltc
i
l2t

+ rltc
r
l2t
) +

(
shtc

s
h2t

+ ihtc
i
h2t

+ rhtc
r
h2t

)

=Ah

(
shtn

s
ht
+ ihtn

i
ht
+ rhtn

r
ht

)
+ (1 + r∗)b∗

ht
.

sl =1 − sh,

r∗ =
1

�
− 1,

P2 =1.



99Inequality in Life and Death﻿	

Substituting out yields the following three equations:

We solve these equations numerically for cs
l1
, cs
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 and P1. Using this information, we 

calculate the remaining steady-state variables:
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Finally,

where j ∈ {h, l}.
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Appendix C Calibration of transmission parameters

The parameters of the transmission functions are pinned down as follows:

or

Note that:

So that

We impose the following conditions to calibrate the transmission function param-
eters (see the main text for more details):
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