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Abstract

We use nationally-representative linked survey and administrative data to document socio-
economic and demographic disparities in the economic and health effects of the COVID-19
pandemic in the United States during its first two years. Impacts on all-cause mortality and on
employment were concentrated in the same racial/ethnic, education, industry, and occupation
groups. Black-White and Hispanic-White disparities in mortality impacts narrowed over the
two years, but educational disparities persisted. For economic impacts, only Hispanic-White
disparities narrowed. Lower-income individuals experienced greater mortality impacts and this
gradient steepened in the second year. Our findings, using consistent methods and measures,
highlight the pandemic’s heterogeneous impacts.
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1 Introduction

The United States has long exhibited striking variation in health and economic well-being across
demographic groups, including education, income, race, and ethnicity.! The COVID-19 pandemic
— which was both a health and an economic crisis — was no exception.

To characterize its heterogeneous impacts, we assemble rich, nation-wide, representative data
on both economic and health damages from the pandemic. We document how the economic and
health impacts of the pandemic varied across a wide set of pre-pandemic socio-economic char-
acteristics, as well as how these disparities evolved over the course of the first two full years of
the pandemic in the U.S. — from March 2020 through February 2022. We define the pandemic’s
health damages by the increase in all-cause annual mortality relative to what was expected based on
the historical linear trend. We define the pandemic’s economic damages by the average monthly
decline in the employment-to-population ratio, again relative to the historical linear trend. We
present estimates of average impacts over the first two years of the pandemic, and also show how
these impacts evolved during this time period.

We leverage linked administrative and survey data for the mortality analysis. Specifically, we
use the U.S. Census Bureau’s version of the Social Security Administration’s Numerical Identifi-
cation database (Census Numident), which provides individual-level data on the date of death (if

applicable) for the near universe of the U.S. population. We link these administrative all-cause

'There is a vast literature documenting these disparities and investigating causal origins. Ex-
amples of the literature on health variation include Fuchs (1974), Case et al. (2002), Deaton (2002),
Williams and Jackson (2005), Meara et al. (2008), Currie (2009), Boustan and Margo (2015), Cur-
rie (2011), Case and Deaton (2015), Chetty et al. (2016), Lleras-Muney (2022), Polyakova and Hua
(2019), Chetty et al. (2020), Bailey et al. (2021), Finkelstein et al. (2021), Schwandt et al. (2021),
and Novosad et al. (2022). Examples of the literature on variation in economic well-being include

Hoynes et al. (2012), Bayer and Charles (2018), and Derenoncourt et al. (2022).



mortality records to a record of race/ethnicity from the 2010 Decennial Census, and to a rich set of
additional, pre-pandemic socio-economic covariates—including education, occupation, industry,
and income—for the subset of the population with records in the American Community Survey
(ACS). For the employment analysis, we use the [IPUMS Current Population Survey (CPS) (Flood
et al. 2022). This provides individual-level employment data, together with socioeconomic and
demographic covariates, for a representative sample of U.S. households.

All of our analyses are limited to individuals ages 11-99, since information on race and ethnicity
is not available in the 2010 Census for children who were under 11 years during the pandemic.
For many of our analyses, we further concentrate on the ‘working age’ population, defined as
individuals ages 25-64. We do this for two reasons. First, this restriction is a natural one when
examining economic (i.e., employment) damages. Second, some of our covariates — particularly
industry and occupation — are not defined or well-measured for the non-working age population;
therefore we also limit our mortality analyses of these sub-groups to the working-age population.
For a similar reason, our mortality analyses by education focus on individuals ages 25-99, so that
we are likely to observe completed educational attainment.

In aggregate, we estimate that the first two years of the pandemic were responsible for an aver-
age of 20.5 excess deaths (from any cause) annually per 10,000 people ages 11-99, and for an aver-
age decline in monthly employment of 4.2 per 100 people ages 25-64. Excess deaths were increas-
ing in age and concentrated in the older adult (65+) population, while employment losses among
working-age adults were decreasing in age. Aggregate employment damages were the largest in the
first month of the pandemic and declined gradually over the course of the pandemic’s 24 months.
The recovery was not complete at the end of the two years, with 1.8 jobs per 100 people ages 25-64
missing in February 2022. In contrast, the time pattern of excess mortality was not monotone, with
the highest spikes of excess mortality appearing in December-January of 2021 and January of 2022,
with more than 3 monthly excess deaths per 10,000 at each of these peaks.

These mortality increases and employment declines varied substantially across different groups



in the population. Consistent with the existing literature (discussed below), we find substantial
disparities in both health and economic damages across racial and ethnic groups, with non-Hispanic
Black and Hispanic individuals affected more than White and Asian individuals in both economic
and mortality terms. We also document that the disparities in mortality impacts by race and ethnicity
substantially declined over the first two years of the pandemic, as did the Hispanic-White gap in
economic damages, while the Black-White gap in economic damages persisted.

But disparities in damages were not unique to racial and ethnic divides. We also document sub-
stantially higher economic and health damages among those with less education, those working in
service occupations or entertainment, or those not working in jobs amenable to working from home.
Along all of these measures of socio-economic status, health and economic damages tended to be
concentrated in the same groups. Differences in damages by education are particularly striking.
Excess age-adjusted mortality (among ages 25-99) varied from around 7 to 9 per 10,000 annually
for those with more than a Bachelor’s degree to around 57 per 10,000 annually for those with less
than a high school degree; likewise the average monthly decline in the employment to population
ratio (among ages 25-64) was about 1-2 per 100 for those in this highest educational attainment
category, compared to over 5 per 100 for those without a high school diploma. The educational
divide in the incidence of economic and health damages from the pandemic persisted throughout
the first two years.

Finally, we document a strong negative gradient between income and excess mortality. For
example, among those ages 25-64, individuals living in households with annual income at 700-
750% of poverty (ca. $142,345 to $152,500 for a family of three in 2019) had 5.2 per 10,000
excess age-adjusted deaths in 2020 while those living with income close to poverty (ca. $20,335

for a family of three in 2019) had 13 per 10,000 excess deaths.”> This negative excess-mortality

’Income levels use weighted average (across households of different composition) poverty

thresholds as reported by the U.S. Census Bureau: https://www.census.gov/data/tables/time-series/


https://www.census.gov/data/tables/time-series/demo/income-poverty/historical-poverty-thresholds.html
https://www.census.gov/data/tables/time-series/demo/income-poverty/historical-poverty-thresholds.html

- income gradient steepens in the second year of the pandemic. Continuing our example above,
excess age-adjusted deaths among those with incomes at 700-750% of poverty did not increase
(and indeed may have declined slightly) from the first to the second year of the pandemic, but for
those at the poverty level excess deaths increased substantially, from 13 to 21 per 10,000. To our
knowledge, this is the first evidence of the national income-excess mortality gradient during the
pandemic, beyond its initial months. Our findings mirror the strong, negative mortality-income

gradients that are well-known in the literature (Chetty et al. 2016; Udalova et al. 2022).

Related literature Our paper contributes to several related literatures. Most narrowly, it adds to
the large literature on the health and economic impacts of the COVID-19 pandemic in the United
States. This literature, which we do not attempt to fully summarize here, has documented substan-
tial mortality impacts of the pandemic, with more than 6 million years of life estimated to be lost in
the U.S. in 2020 (Cronin and Evans 2021) and a loss in quality-adjusted years of life equivalent to
half of the annual burden of all cancers combined (Reif et al. 2021). The economic consequences of
the pandemic were similarly dramatic, with substantial decreases in consumer spending and busi-
ness revenues (Chetty et al. 2024), large numbers of layofts (Forsythe et al. 2022), drastic declines
in hours worked (Bartik et al. 2020), and drops in the employment-population ratio (Montenovo
et al. 2022; Cowan 2020) during the initial months of the pandemic, as well as continued absences
from the labor market in subsequent months (Davis et al. 2021; Cutler 2022; Goda and Soltas 2022;
Ziauddeen et al. 2022).

While almost all groups suffered lost years of life due to the pandemic, it has been well-
documented that racial and ethnic minorities - including Black people, Hispanic people, and Amer-
ican Indian and Alaskan Native people were disproportionately affected. Minorities experienced

greater all-cause mortality during the pandemic’s initial months (Hatcher et al. 2020; Miller et

demo/income-poverty/historical-poverty-thresholds.html.
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al. 2021; Polyakova et al. 2021; Rossen et al. 2021; Shiels et al. 2021; Mackey et al. 2021), and
these gaps persisted through the pandemic’s first and, in some estimates, second years (Aburto et
al. 2022; Ruhm 2022; Foster et al. 2024; Ruhm 2023).*> The economic consequences too have dis-
proportionately been felt by racial and ethnic minorities. Racial and ethnic minorities were more
likely to become unemployed or leave the labor force in the first few months of the pandemic
(Cowan 2020; Montenovo et al. 2022; Lee et al. 2021; Cortes and Forsythe 2023; Polyakova et
al. 2020; Couch et al. 2020). Even a full year into the pandemic, non-White workers were more
likely than White workers to experience employment declines (Cortes and Forsythe 2023). Our
results confirm the findings in this rich literature, providing a unified approach for comparing the
incidence of disparities in economic and health damages across groups and over time.

In comparison to the literature on racial and ethnic disparities, evidence on the differential
impact of the pandemic along measures of socio-economic status has been sparser. The literature
has documented lower excess all-cause mortality in 2020 for those with a BA compared to those
without a BA (Case and Deaton 2021), as well as a lower probability of having been diagnosed
with COVID-19 among individuals with more education (Rothwell and Smith 2021). Our linkage
of the national administrative data on mortality to pre-pandemic socio-economic characteristics
in the American Community Survey allows us to replicate and extend this analysis for additional
socio-economic measures and for the full first two years of the pandemic. Closest to our work is
Miller et al. (2021), who use similar linkages to document national differences in all-cause excess
mortality in the first two quarters of 2020 by income and occupation. In addition, a series of studies

by Chen and colleagues (Chen, Glymour, Catalano, et al. 2021; Chen, Glymour, Riley, et al. 2021;

31t has also been documented that minorities had higher recorded COVID-19 (rather than all-
cause) mortality rates during the initial months of the pandemic (Bassett et al. 2020; Ford et
al. 2020); these gaps declined but were not eliminated during the pandemic’s second year (As-

chmann et al. 2022; Lundberg et al. 2022; Truman et al. 2022).



Chen, Matthay, et al. 2022; Chen, Riley, et al. 2022) as well as Schwandt et al. 2022 use detailed
data from a single state — California — to document differences in mortality damages by education,
occupation, and area income at the onset and over the first two years of the pandemic. Our national
estimates of disparities in excess mortality for the first two years are qualitatively consistent with
these studies.

We further enrich the work on socio-economic disparities in the pandemic’s mortality impacts
by asking whether the groups who experienced the highest mortality impacts also experienced
greater economic impacts. The existing literature on socio-economic gradients in the economic
damages of COVID-19 is more limited. Studies have shown that those with lower levels of ed-
ucation were also more likely to lose their jobs in the pandemic’s initial months (Adams-Prassl
et al. 2020; Lee et al. 2021; Cowan 2020) and were less likely to participate in the labor force, less
likely to be at work, and more likely to be unemployed in 2020 and 2021 (Rothwell and Smith
2021; Goldin 2022; Cortes and Forsythe 2023; Forsythe et al. 2022).

Our findings also contribute to a broader literature examining the relationship between eco-
nomic conditions and health. This literature has highlighted the complex ways in which aggregate-
level economic downturns and individual-level job losses may impact health (Ruhm 2000; 2005;
Sullivan and Von Wachter 2009; Ruhm 2015; Stevens et al. 2015; Schwandt and Von Wachter 2020;
Finkelstein et al. 2024), and, conversely, how shocks to population health may impact the economy
(Adda 2016; Barro et al. 2020; Correia et al. 2022). It has also documented heterogeneity in the
prevalence and incidence of health and economic shocks across different groups. For example,
Alsan et al. (2021) show that historical health shocks typically had a larger effect on Black than
White Americans and Hoynes et al. (2012) show that the economic consequences of recessions
have disproportionately impacted racial and ethnic minorities. Those with less education also ap-
pear to be more adversely affected economically by recessions (Hoynes et al. 2012), although their
health may benefit more (Finkelstein et al. 2024). Naturally, our findings are specific to a particular

period in the history of a particular infectious disease. Nonetheless, they complement a growing



literature that emphasizes the importance of non-medical factors in driving health inequality (e.g.,
Fuchs 1974; Case and Deaton 2015; Chetty et al. 2016; Finkelstein et al. 2021; Chen, Persson,
et al. 2022).

The rest of the paper proceeds as follows. We describe our data sources, measurement, and the
econometric approach in Section 2. Section 3 presents our estimates of damages across groups.

Section 4 briefly concludes.

2 Data and Measurement

2.1 All-Cause Mortality

We measure the health impact of the pandemic by its impact on all-cause mortality. This measure
is not contaminated by the measurement error in the choice of what to label a “COVID” death
(which could systematically vary across groups), and also captures potential indirect impacts of the
pandemic on mortality.*

We use mortality records from January 2011 through February 2022 from the Census Bu-
reau’s version of the Social Security Administration’s Numerical Identification (Census Numident)

database. The Census Numident includes individual-level data with the date of birth and date of

“For example, indirect effects due to the declines in economic activity (Ruhm 2000; 2005; 2015;
Stevens et al. 2015; Finkelstein et al. 2024), effects of individual job loss (Sullivan and Von Wachter
2009), avoidance of medical care (Zhang 2021; Ziedan et al. 2022), or changes in health behaviors
such as drug use (Friedman and Akre 2021; Ruhm 2023). Indeed, previous research looking at
excess mortality by cause of death has found that the pandemic increased deaths from several non-
COVID causes, including deaths from heart disease, Alzheimer’s disease, diabetes, strokes, alcohol
use, drug use, vehicles, and homicides, as well as deaths during childbirth (Ahmad and Anderson

2021; Woolf et al. 2021; Hoyert 2022; Ruhm 2023).



death (if deceased) for all people with a U.S. Social Security number (SSN). More information
about the measurement of mortality in the Census Numident file is available in Finlay and Genadek
(2021) and in Appendix A.1. We define the all-cause mortality rate to be the number of people in
a well-defined group who died during a given period (either a month or a twelve-month period)
divided by the number of people in that group who were alive at the beginning of the period. A
key advantage of the Census Numident data is that they provide an internally consistent measure
of both the numerator and denominator, as they record not only deceased but also living people at
any given moment.

For a subset of the Census Numident population, we obtain additional socio-economic infor-
mation by merging in responses from the American Community Survey (ACS). The ACS is admin-
istered each year to approximately 3 million housing units, and contains rich self-reported demo-
graphic variables for all individuals in the household. The ACS surveys a different random sample
of U.S. households each year. For each calendar year ¢, we select the individuals in the Census Nu-
mident who were alive on March 1 of year ¢ and for whom we observe an ACS response in at least
one year from ¢ — 6 through ¢ — 2. For example, for individuals in the Census Numident who are
alive as of March 1, 2020, we link ACS responses for each year from 2014-2018. In the rare case
that an individual was surveyed more than once during years ¢t — 6 through ¢ — 2, we keep the most
recent response. Using data from lagged ACS waves avoids capturing responses that are endoge-
nous to the effects of the pandemic in years 2020 and 2021; using data from multiple lagged waves
lets us increase our sample size. For those individuals with ACS responses, we retain information
on the level of completed education, family income relative to poverty, industry, and occupation.’
Appendix A.3 provides more information about these variables. For any analyses using the merged

ACS-Numident dataset, we use the ACS person sampling weights.

SFor additional analyses in the Appendix, we also use information on disability status, living

arrangements, and whether the person had health insurance.



Sample Restrictions The starting point of our analytic data is the set of individuals in the Census
Numident data who were alive on January 1, 2011 (defined as not having a recorded year of death in
2010 or earlier). We keep individuals for whom we can observe race or ethnicity in either the 2010
Decennial Census or the Census Bureau’s 2010 Modeled Race File. We can distinguish between
Hispanic origin and non-Hispanic origin; within non-Hispanic origin we can further distinguish
between White, Black, Asian, American Indian and Alaska Native, Native Hawaiian and Other
Pacific Islander people, and people of some other race or two or more races. We exclude individual-
years with an address outside of the 50 U.S. states or the District of Columbia, or outside of the
age range of 11 to 99. The lower age restriction arises because from the 2010 census we cannot
obtain race/ethnicity information for individuals born after 2010. The upper age restriction aims
to restrict the measurement error from historic death undercounts in Census Numident. Appendix
A.1 provides more detail on all sample restrictions we impose to ensure that we limit our analysis
to data where we can reliably observe mortality. Appendix Table C.1 reports how these restrictions

change the sample size.

2.2 Employment-to-Population Ratio

We measure economic damages from the pandemic by its impact on the employment-to-population
ratio. We use self-reported employment from the publicly available Integrated Public Use Micro-
data Series (IPUMS) Current Population Survey (CPS) from 2011 to 2022, which harmonizes data
across months of the CPS. The CPS samples approximately 60,000 U.S. households each month
(one adult responds for all eligible members of the household); households are sampled for four
consecutive months, and then another four consecutive months eight months later. We use data
from March 2011 through February 2022.

We define the employment-to-population ratio in a given month as the number of people in
a well-defined group who reported working either part-time or full-time during the week before

the month’s survey week, divided by the total number of people surveyed in the same group that
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month. For each group, we define an annual employment-to-population ratio as the average (across
individuals surveyed in that year) proportion of survey months that an individual reported that they
were employed. Our annual employment-to-population measure therefore captures an average of
monthly employment rates, in contrast to our annual mortality measure which measures cumulative
mortality over the year.

The CPS provides self-reported demographic measures, including race/ethnicity, as well as the
socio-economic measures similar to those in ACS — education, income, industry, and occupation.
For those unemployed or not in the labor force at the time of the survey, the CPS records the
most recent industry and occupation. Income is reported for the time period of 12 months prior
to the survey. Appendix A.4 provides the full list of variables and their definitions. Unlike in
our mortality analysis, in which all variables related to socio-economic status are measured pre-
pandemic, a drawback to our analyses using the CPS is that most socio-economic variables are
measured contemporaneously with employment, and may be affected by the pandemic. This is
particularly problematic for income, which is why our main analysis of pandemic damages by

income looks only at mortality damages.

Sample Restrictions We limit our CPS sample to the non-military and non-institutionalized pop-
ulation ages 25 to 64 in any of the 50 United States or the District of Columbia. We use the CPS
“final basic” survey weight throughout the analysis to account for sampling procedures and non-

random response.

2.3 Summary Statistics

Table 1 reports summary statistics covering the first two years of the pandemic (March 2020 -
February 2022) for the demographic variables we can observe in the full Numident dataset, the
linked ACS-Numident subset of data, and the CPS, by age groups 11 to 99 (columns 1 and 2) and

25 to 64 (columns 3, 4 and 5). For ages 11 to 99, we have 43.1 million person-year observations

11



in the ACS-Numident linked subset of data, which is 9% of the full Census Numident dataset in
Column (1). The distribution of demographics in the ACS-Numident linked data is very similar to
the full Numident. In the linked ACS-Numident data, the average person is 46 years old; 48% of
individuals are male. 14% of observations are for Hispanic people. 67% are non-Hispanic White,
12% are non-Hispanic Black, 5% are non-Hispanic Asian, 0.8% are non-Hispanic American Indian
or Alaskan Native, 0.2% are non-Hispanic Hawaiian or Pacific Islander, and 0.4% have a record
of “other or two or more races.” The distribution of demographics is very similar in the 25 to 64
age range (except being one year younger on average), where we have 23.9 million person-year
observations (accounting for 8% of the full Census Numident for this age range in Column (3)).6
The last column of Table 1 provides summary statistics for the CPS sample used in the analyses
of economic damages. We have approximately 429,000 person-year observations in the sample
for years 2020 and 2021. The composition of the CPS sample is fairly similar in age and sex to
ACS-Numident data; the average individual in the CPS sample is 44 years old and 49% are male.
There are more notable differences in the composition of race and ethnicity. The CPS sample has a
lower share of non-Hispanic White people (59% in the CPS sample compared to 66% in the ACS-
Numident data for ages 25 to 64) and a higher share of Hispanic people (19% in the CPS sample

relative to 14% in the ACS-Numident data).

2.4 Econometric Framework

Let y;,,,+ be an indicator variable for individual ¢’s outcome in month m of year ¢. For the mortality
analysis, this is an indicator for whether the individual died from any cause during month m of year
t. For the employment analysis it is an indicator for whether the individual was employed during

month m of year ¢. For both outcomes, the indicator is defined only for people alive at the start of

8The distribution remains similar despite the large difference in age ranges, as we are dropping

both younger and older cohorts when switching from 11-99 to 25-64 age range.
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the month and year in question. In all cases, we define a “year” to be the 12 month period from
March to February; the first “year” of the pandemic (¢t = 2020) is thus the 12 months between
March 2020 and February 2021 and the second “year” of the pandemic (t = 2021) is the 12 months
between March 2021 and February 2022. These two years roughly correspond to one year prior to
and one year after the introduction of vaccinations.’

We measure the impact of the pandemic by estimating the following linear probability model
on monthly data from January 2011 through February 2022:

p=maq

Yimt = Oy, + 6 X1+ Z ¢;L]1{mt:u} + €ime (1)

p=m_z
Here, «, are calendar month fixed effects that account for seasonality; 5 measures the common
annual linear time trend across all months. The sum term indexes over separate indicator variables
for 24 months of the pandemic (from March 2020 (m;) through February 2022 (ms,), and the two
months prior—from January 2020 (1m_2) and February 2020 (m_,). The estimated ¢,, coefficients
are our measure of damages. They capture deviations from the historical time trend in the months
right before and during the COVID-19 pandemic. This measure of damages is equivalent to com-
paring observed monthly outcomes (mortality or employment) in each month from January 2020
through February 2022 to the predicted level of mortality or employment based on the historical
trend, Ui = Qo + B x t. We use heteroskedasticity-robust standard errors, as well as relevant
survey weights when appropriate.®

We also estimate an analogous linear probability model at the annual level to summarize out-

"Vaccinations began in December 2020. In February 2021 the share of population that was

“fully vaccinated” crossed 5% (“CDC COVID Data Tracker: Vaccination Trends” 2022).

8Using survey weights corrects for some of the selection bias attributable to non-random re-
sponse rates and ACS and CPS. For computational reasons, when we are using the full Census

Numident file (rather than the subset that is linked to the ACS) we estimate the mortality regres-
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comes over the course of the pandemic’s first two years:’

T7=2021

yp=0a+Bxt+ Y 01y + e )
7=2020

Here, o is a common intercept and 5 measures the common annual linear time trend. 65999 and G592,
are the coefficients of interest and measure how much the outcomes in 2020 and 2021 pandemic
years deviated from the historical time trend. The predicted outcome based on the historical time
trend can in turn be computed for any year t as ¢, = & + B xt. We again use heteroskedasticity-
robust standard errors, as well as relevant survey weights where appropriate. '’

The construction and the interpretation of annual economic damages differs from annual mor-
tality analyses, as there is no natural “cumulative” analogue of annual employment. For mortality
estimates, we define y;; to be the annual mortality rate. However for employment estimates, we
define y;; to be the average of y;,,,; indicators across all months m in year ¢ in which person ¢ was
surveyed. Thus we estimate the annual total mortality damages but the average monthly employ-
ment damages for the year.

To estimate gaps in economic and health damages across different demographic groups (such as

by race/ethnicity or by measures of socio-economic status), we allow for all slopes and intercepts

sion in equation 1 using data grouped by year-month-race-sex-county, weighted by the group size.
This produces identical point estimates as the individual-level regression, but different standard
errors. The latter are equivalent to the standard errors from an individual-level regression clustered

at the year-month-race-sex-county level.
Recall year t indexes data from March of that calendar year through the following February.

%For computational reasons, when we are using the full Census Numident file (rather than the
subset that is linked to the ACS) we again estimate the mortality regression in equation 2 using data

grouped by year-race-sex-county, weighted by the group size.

14



in equations 1 or 2 to be group-specific. This enables us to recover gaps in economic and health
damages of one group relative to the reference group, and also allows us to compute the level of
economic and health damages separately for each group. Given the well-documented differences in
the age distribution across the different groups we consider and the age-gradients in the pandemic
damages (Ford et al. 2020; Polyakova et al. 2020; Alsan et al. 2021; Polyakova et al. 2021, see also
Appendix Table C.2 ), we further allow for differences in levels of each outcome by age group, as
well as separate effects of the pandemic by age group.'!

Specifically, at the annual level we estimate:

T7=2021

Yiot = 0p + Yo+ Bp X T+ Z <9p71]-{t:7} + )\aT]]-{t:T}) + €t 3)
722020

where we let p index different categories of each demographic group (e.g., different education
levels, or different racial/ethnic groups). Here, o, denotes a group-specific intercept, and /3, de-
notes the group-specific linear time trend. Analogous to the aggregate estimates in equation 2,
our primary coefficients of interest are 6, 2020 and 0, 2921, which now measure the group-specific
deviations from the (group-specific) historical trend in the outcome (relative to an omitted refer-
ence group). We also allow the levels of each outcome and the effects of the pandemic years to
differ across the age groups, with 7, denoting a vector of fixed effects for five-year age bins, and
Aa,2020 and Ag 2021 denoting these indicators for five-year age bins interacted with indicators for
years t = 2020 and ¢ = 2021. We report the age-adjusted excess damage for a group p in 2020 as
60,2020 + >, Pr(a) X Aq 2020 and the age-adjusted excess damage in 2021 as 6, 5021 + _, Pr(a) X
Aa.2021, Where Pr(a) is the empirical share of the sample among all groups belonging to age bin

a. The average level of damage during the first two years of the pandemic for a group p is then the

"In practice, however, the qualitative results are not sensitive to this age adjustment. For un-
adjusted group-specific estimates from the pandemic’s first year, see the working paper version

Finkelstein et al. 2022.
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average of its 2020 and 2021 damages.
To examine how gaps across groups change by month, we also estimate a monthly version of
Equation 3:

pu=maq

Yi(p)ymt = Qpm + Yo+ ﬁp X t+ Z (¢p,u]1{mt:u} + )\auﬂ{mt:,u}> + €imt (4)

p=m_s
We allow for demographic-group-specific intercepts by month () and group-specific annual
linear time trends (3,). Our primary coefficients of interest are now the ¢,, which capture group-
specific deviations from the (group-specific) historical trend in the outcome (relative to an omitted
reference group) in each month from January 2020 onwards. Once again we allow outcome levels
to vary across five-year age bins (7,) and we allow the impacts of the pandemic to also vary across

5-year age bins (\,,).

3 Results: Mortality and Economic Damages

3.1 Aggregate Damages

Damages are measured as the deviation between observed and predicted outcomes over the time
period of the pandemic (March 2020 - February 2022). Figure 1A shows observed and predicted
annual mortality for individuals aged 11-99 in years 2011 to 2021; predicted mortality is estimated
using Equation 2. Mortality was increasing over the pre-pandemic decade with a time trend that
is nearly perfectly captured by our linear specification. We find a sharp increase in mortality in
2020 (recall we define 2020 as March 2020 - February 2021), with an observed mortality rate in
2020 of 128.2 deaths per 10,000, compared to the predicted rate of 105.8 deaths per 10,000; that
is, observed mortality was 20 percent higher than expected mortality during the first year of the
pandemic. In 2021, excess mortality declined slightly to 18.6 per 10,000, from 22.4 per 10,000 in

2020. Figure 1C shows the monthly observed and predicted mortality from January 2020 through
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February 2022; monthly predictions are estimated using Equation 1.!? Observed mortality lines up
closely with predicted mortality in January and February 2020, and then visibly diverges starting
in March 2020. The differences between observed and predicted mortality peak in December 2020
and January 2021, followed by an additional peak at the end of 2021. Appendix Figure C.1 shows
analogous results for individuals aged 25-64, which is the sample we will focus on for some of our
heterogeneity analysis. While the level of excess mortality is substantially lower at younger ages,
the time patterns for excess mortality are broadly similar.

The remaining two panels show the analogous observed and predicted annual and monthly time
patterns for the employment-to-population ratio for individuals aged 25-64. At the annual level,
the employment-to-population ratio has been steadily increasing over the last decade, again on an
almost perfectly linear trend. We observe a sharp drop in employment from 76 people employed
per 100 in 2020 to 71 people employed per 100 in 2021; that is, the average monthly employment-
to-population ratio declined by 5 percentage points (about 6.5 percent) during the first year of the
pandemic. In 2021, employment rebounded, but only partially, to 74 people employed per 100.
At the monthly level, we observe the largest drop in the employment-to-population ratio in April
2020, when it dropped by almost 10 percentage points; it then climbed back up gradually, but had

not fully recovered by the end of the pandemic’s second year (February 2021).

3.2 Heterogeneity in Damages

Damages by race and ethnicity The health and economic consequences of the pandemic’s first
two years were markedly unequal by race and ethnicity. Figure 2 shows average annual age-

adjusted excess mortality and economic damages from the first two years of the pandemic for

12 Appendix Figure C.2 shows the annual predicted and observed values of each outcome within

selected months. The historical time trend is close to linear for those calendar months.
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each racial and ethnic group in our data.!* The figure shows not only that there was substantial
heterogeneity in damages across groups — and that many of these differences are statistically dis-
tinguishable — but also that the groups that were hit the hardest economically were also those with
the highest excess mortality.'* The highest average annual excess mortality was experienced by
non-Hispanic American Indian/Alaskan people (41 per 10,000), non-Hispanic Black people (37 per
10,000), and Hispanic people (34 per 10,000); in comparison, non-Hispanic White people experi-
enced excess mortality of 16 per 10,000.!> These were generally also the groups that experienced
the largest economic damages. In particular, non-Hispanic Black and Hispanic people experienced

an average decline in the employment-population ratio of 6.5 per 100 and 5.7 per 100, respec-

3Table C.4 reports the underlying estimates and standard errors.

4To benchmark these estimates, Appendix Table C.3 shows the unadjusted predictions for av-

erage annual mortality employment by race/ethnicity and educational attainment.

ISWhere we can make reasonable comparisons, our excess mortality estimates by race and eth-
nicity are similar to those from other papers. Using publicly available data from the CDC’s Pro-
visional Death Counts for Coronavirus Disease series and other sources, Ruhm (2023) finds that
between March 2020 and February 2022, the ratio of observed to predicted deaths among all in-
dividuals in the U.S. is 1.22 overall, 1.18 among non-Hispanic White individuals, 1.29 among
non-Hispanic Black individuals, and 1.43 among Hispanic individuals. This is close to our esti-
mates (for comparability, without applying age adjustments), where we find a ratio of observed
to predicted deaths of 1.19 overall, 1.15 among non-Hispanic White individuals, 1.29 among non-
Hispanic Black individuals, and 1.40 among Hispanic individuals. Using the Census Numident file
but a slightly different age group (ages 15-99) and time frame (April 2020 through March 2021),
Foster et al. (2024) find that mortality was 1.15 times higher than expected for non-Hispanic White
people, 1.32 times higher than expected for non-Hispanic Black people, and 1.48 times higher for

Hispanic people; again, these numbers are very close to our estimates.
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tively; in comparison, non-Hispanic White individuals experienced a decline of 3.5 per 100. In
a population-weighted regression of economic damages on health damages across race/ethnicity
groups, the slope is positive and highly statistically significant (slope estimate of 0.126 with a stan-
dard error of 0.013).

These disparities were not constant during the two years of the pandemic. Figure 3 shows how
they evolved over time for the largest racial and ethnic groups. The Black-White and Hispanic-
White age-adjusted mortality gaps declined towards the end of the two year period. After spiking at
almost 6 excess deaths per 10,000 in April 2020, the monthly Black-White age-adjusted mortality
gap averaged 1.5 excess deaths per 10,000 for the remainder of the first year of the pandemic,
and 0.86 excess deaths per 10,000 over the second year of the pandemic. The Hispanic-White
monthly age-adjusted mortality gap averaged 1.5 excess deaths per 10,000 over the first year of
the pandemic, peaked towards the end of that first year (in January 2021) at 3.9 excess deaths per
10,000 and was substantially lower throughout the second year (average monthly gap 0of 0.36). The
Hispanic-White difference in economic damages had also been erased by the end of the pandemic
(panel D), while the Black-White gap in economic damages was substantially more persistent over

the course of the pandemic (panel B).

Damages by education Figure 4 shows that there were also stark gradients in both excess mor-
tality and economic damages across groups with different levels of education — many of which are
statistically distinguishable — and that both types of damages were concentrated in less educated
groups.'® For example, for the approximately one-quarter of the population whose highest level
of education was a high school diploma or GED, age-adjusted average annual economic damage
was 5.5 per 100 and age-adjusted average annual excess mortality was 27.3 per 10,000. But among

the one-fifth of the population whose highest educational attainment was a Bachelor’s degree, eco-

16 Again, Appendix Table C.5 reports the underlying estimates and standard errors.
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nomic and mortality damages were lower, with 3.3 per 100 jobs lost and 11.9 per 10,000 excess
deaths. The approximately one-third of the population with some college or an associate’s degree
experienced economic and mortality damages closer to those with a high school degree or GED.
The approximately one-tenth of the population with more than a Bachelor’s degree fared slightly
better on mortality damages than those with a Bachelor’s degree (with excess deaths around 7 to
8 — rather than 12 — per 10,000), and substantially better on economic damages (with an average
monthly decline in the employment-to-population ratio of 0.7 to 1.7 instead of 3.3). The approxi-
mately 10 percent of individuals with less than a high school degree were a stark outlier in terms of
excess mortality, with nearly six times higher age-adjusted excess mortality relative to those with
a college degree.

In contrast to the declining time pattern of many racial and ethnic gaps, Figure 5 indicates that
gaps by education (splitting the sample by Bachelor’s degree attainment) persisted throughout the
pandemic. Indeed, the gaps in excess economic damages by Bachelor’s degree attainment grew
into the second year of the pandemic, increasing from a difference of 1.46 missing jobs per 100 in
July 2020 to 3.46 missing jobs per 100 in May 2021, before partially decreasing again to 1.65 jobs
per 100 by February 2022. Mortality gaps by education fluctuated throughout the first two years
of the pandemic, with gaps generally mirroring the overall levels of mortality damage, peaking in

December 2020-January 2021, summer 2021, and January 2022.

Damages by industry and occupation For the working-age population, health and economic
damages are positively correlated across industries and occupations (Figure 6).!” Across industries,
average annual age-adjusted excess mortality varied between -5 per 10,000 and 12 per 10,000. The

industry with the highest excess mortality was administration and support, with mining/quarry/oil/gas

17A complete set of estimates for industries and occupations are shown in Appendix Tables C.6

and C.7, respectively.
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following closely behind (both above 10 per 10,000). These industries also had substantially
above median economic damages, with average annual age-adjusted declines in the employment-
to-population ratio of 7.2 and 8.0 per 100, respectively, compared to a median of 2.9 per 100. Arts,
entertainment, and recreation, as well as accommodations and food, were large outliers for eco-
nomic damages, with average annual age-adjusted declines in the employment-population ratio of
20 and 14 per 100 respectively, and they also experienced above-median mortality damages. By
occupation, building, grounds cleaning, and maintenance were the occupations with the highest
average annual excess mortality (13 per 10,000), and also experienced substantially above-median
declines in the employment-to-population ratio. The occupations that experienced the highest de-
clines in the employment to population ratio were food prep and service (13.4 per 100) and personal
care and service (9.6 per 100); these also experienced substantially above-median excess mortal-
ity.!

The figure also shows excess deaths and economic damages across occupations that are classi-
fied as being able to work from home or not; that classification follows Dingel and Neiman 2020
in defining those in which at least 50 percent of the jobs within the occupation can be done from
home as ‘work from home’ occupations. Average annual excess mortality was 9.6 per 10,000 for
those in occupations that were not classified as work from home, compared to 5.6 per 10,000 for

those in work from home occupations; the decline in the employment-to-population ratio was also

8For comparison, Miller et al. (2021), used the same linked ACS-Numident data we use but
for April-June 2020. During that first quarter of the pandemic, they find the largest age-unadjusted
increases in mortality from 2019 to 2020 for installation, maintenance, repair; production; and legal
occupations. This differs from our findings of the occupations with the largest excess mortality
over the first two years of the pandemic (building, grounds cleaning, and maintenance; installation,

maintenance, repair; and material moving).
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higher for occupations classified as non work from home (4.9 per 100 compared to 3.2 per 100)."

Mortality damages by income Figure 7 plots average annual age-adjusted excess deaths per
10,000 for the working-age population, based on the respondent’s pre-pandemic family income
relative to poverty thresholds. It plots these damages separately for the first and the second year of
the pandemic.?’

The gradient in mortality damages by income is as striking. In both years, there is a pronounced
monotonic relationship in which excess deaths generally decrease at higher levels of family income.
Moreover the negative income-damages gradient becomes even more stark in the second year of the
pandemic. For example, in the first year of the pandemic, annual age-adjusted mortality was just
over 17 per 10,000 for the approximately 10 percent of the population with family income below
the poverty line. For individuals with family incomes at 250-299% of the poverty line (roughly
the 33rd percentile of the income distribution), age-adjusted excess mortality was less than half
that of the poorest individuals, at 8.3 deaths per 10,000, and at 500-550 percent of the poverty
line (roughly the 67th percentile of the income distribution), it was about half again, at 4.7. In the
second year of the pandemic, mortality damages among most income bins in the top third of the
income distribution tended to be similar between 2020 and 2021, and in some cases decreased from

the first to second year. Among the bottom two-thirds of the income distribution, however, excess

mortality tended to increase from the first to second year. For example, among the group within

We also found lower economic damages among individuals who report a disability in the CPS
compared to those who do not, presumably reflecting the fact that individuals with disabilities were
less likely to be employed prior to the pandemic. However, individuals with disabilities also expe-
rienced greater age-adjusted excess mortality than individuals without disabilities. These estimates

are shown in Appendix Table C.9.

20 Appendix Table C.8 reports the underlying estimates and standard errors.
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250-299 percent of the poverty line, age-adjusted excess mortality increased by a factor of 1.6 —
to 13.5 excess deaths per 10,000 — and among individuals below the poverty line, an increase of
approximately the same proportion resulted in approximately 28 excess deaths per 10,000. As a
result, the poorest individuals made up a disproportionate share of the increase in excess mortality

observed among 25-t0-64 year-olds between the pandemic’s first two years.?!

Potential drivers of disparities These results are primarily descriptive and leave open an im-
portant set of questions regarding the drivers of the heterogeneous impacts of the pandemic for
both health and economic damages. One natural question concerns the role of the rich set of policy
interventions implemented during the pandemic. Some of the more compelling causal evidence of
policy impacts on pandemic damages comes from exploiting the initial variation in the timing of
policies around the first few weeks of the pandemic.?> However, since most localities eventually
adopted some policies during the pandemic, the short-run variation in policy timing is less useful
for analyzing drivers of damages over the full first two years of the pandemic.

While there is also variation across localities in the average level of policy stringency over this
two year period (Hale et al. 2023), our brief investigation of how much state-level damages were
correlated with policy stringency highlighted the challenge of interpreting such results causally.

We found that states with more stringent policies experienced higher economic damages and lower

2 Appendix Figure C.3 shows the corresponding income gradient in economic damages. How-
ever, these results should be interpreted with caution, as income for many respondents is measured

during the pandemic and therefore is endogenous to the pandemic’s effects.

22For example, this literature has found that initial stay-at-home orders increased unemployment
insurance claims (Baek et al. 2021) and lowered employment (Gupta et al. 2023), while reduc-
ing COVID-19 infection rates (Courtemanche et al. 2020) without shifting mortality substantially

(Agrawal et al. 2023).
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excess mortality and that states with higher vaccination rates (conditional on policy stringency)
had lower excess mortality and similar economic damages. Notably, however, states with higher
vaccination rates (conditional on policy stringency) experienced lower excess mortality already in
the first year of the pandemic, when no vaccines were yet available. This suggests that variation in
policy stringency and vaccination rates is likely correlated with other factors—such as both demand
for policy and private mitigating behavior—that are also correlated with economic and mortality
damages.

Somewhat more promisingly, we explored what observable measures of socio-economic status
can—in a statistical sense—explain racial and ethnic disparities in mortality and economic damages
during the first two years of the pandemic. In the contemporary public discourse about racial and
ethnic disparities in the pandemic’s mortality impact, differences in incomes, living arrangements,
and the nature of work were frequently suggested as potential drivers.”> For economic damage,
media reports highlighted different rates of employment in service industries and jobs that could
be done from home as reasons that could have contributed to racial disparities in the economic im-
pact of the pandemic (Cohen and Casselman 2020; Kurtzleben 2020) In Appendix B, we therefore
consider how the measures of industry, occupation, education and income examined above, as well
as additional measures designed to capture living arrangements and use of public transit correlate
with racial and ethnic disparities in mortality and economic damages during the first two years of
the pandemic within the working age population. We find that the observable measures can explain
about 40% of the non-Hispanic Black-White gap in excess mortality (Appendix Table C.10), about

60% of the Hispanic-White gap in excess mortality (Appendix Table C.11), and almost 50% of the

BFor example, Scott (2020) argued that differences in the prevalence of essential jobs and hous-
ing disparities were factors that could have contributed to health disparities between non-Hispanic
Black and White people during the pandemic while Ray (2020) emphasized greater public transit

use and higher population density as potential factors.
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gaps in economic damages for the same groups.

4 Summary

Using a consistent set of methods and measures on nationally representative data, our analysis
paints a detailed picture of the heterogeneous impacts that the first two years of the COVID-19
pandemic had on both health and economic well-being in the United States. We document sub-
stantial variation in the economic and health damages experienced by different groups in the first
two years of the COVID-19 pandemic, with both economic and health damages disproportionately
concentrated in more disadvantaged groups.

We find substantial disparities in the pandemic’s impact on all-cause mortality and employment
by race and ethnicity, similar to those documented in prior work. We also find that the pandemic’s
mortality and economic damages were larger for those with lower socio-economic status, measured
using education and the type of occupation and industry. We estimate that the pandemic-induced
all-cause mortality was substantially higher among individuals living in lower-income households,
reminiscent of the overall income-mortality gradient that has been documented for the U.S. and
other countries. Finally, we find that while the mortality gaps in damages across racial and ethnic
groups declined over the first two years of the pandemic, some racial/ethnic economic gaps in
damages persisted, and both mortality and economic gaps by education persisted. Naturally, an
important direction for further work is to explore the factors that contributed to the heterogeneity

in pandemic impacts across demographic groups.

25



References

Aburto, José Manuel, Andrea M Tilstra, Ginevra Floridi, and Jennifer Beam Dowd. 2022.
“Significant impacts of the COVID-19 pandemic on race/ethnic differences in US mortality.”

Proceedings of the National Academy of Sciences 119 (35): €2205813119.

Adams-Prassl, Abi, Teodora Boneva, Marta Golin, and Christopher Rauh. 2020. “Inequality
in the impact of the coronavirus shock: Evidence from real time surveys.” Journal of Public

Economics 189:104245.

Adda, Jérome. 2016. “Economic activity and the spread of viral diseases: Evidence from high

frequency data.” The Quarterly Journal of Economics 131 (2): 891-941.

Agrawal, Virat, Jonathan Cantor, Neeraj Sood, and Christopher Whaley. 2023. “The impact
of COVID-19 shelter-in-place policy responses on excess mortality.” Health Economics 32

(11): 2499-2515.

Ahmad, Farida B, and Robert N Anderson. 2021. “The leading causes of death in the US for

2020.” Journal of the American Medical Association 325 (18): 1829—1830.

Alsan, Marcella, Amitabh Chandra, and Kosali Simon. 2021. “The great unequalizer: Initial
health effects of COVID-19 in the United States.” Journal of Economic Perspectives 35 (3):

25-46.

Aschmann, Héléne E, Alicia R Riley, Ruijia Chen, Yea-Hung Chen, Kirsten Bibbins-Domingo,
Andrew C Stokes, M Maria Glymour, and Mathew V Kiang. 2022. “Dynamics of racial
disparities in all-cause mortality during the COVID-19 pandemic.” Proceedings of the Na-
tional Academy of Sciences 119 (40): €2210941119.

26



Baek, ChaeWon, Peter B McCrory, Todd Messer, and Preston Mui. 2021. “Unemployment
effects of stay-at-home orders: Evidence from high-frequency claims data.” Review of Eco-

nomics and Statistics 103 (5): 979-993.

Bailey, Zinzi D, Justin M Feldman, and Mary T Bassett. 2021. “How structural racism works—
racist policies as a root cause of US racial health inequities.” New England Journal of Medicine

384 (8): 768-773.

Barro, RobertJ, José F Ursua, and Joanna Weng. 2020. “The coronavirus and the great influenza
pandemic: Lessons from the “Spanish Flu” for the coronavirus’s potential effects on mortality

and economic activity.” NBER Working Paper No. 26866.

Bartik, Alexander W, Marianne Bertrand, Feng Lin, Jesse Rothstein, and Matt Unrath. 2020.
“Measuring the labor market at the onset of the COVID-19 crisis.” Brookings Papers on Eco-

nomic Activity.

Bassett, Mary T, Jarvis T Chen, and Nancy Krieger. 2020. “Variation in racial/ethnic disparities
in COVID-19 mortality by age in the United States: A cross-sectional study.” PLoS Medicine
17 (10): e1003402.

Bayer, Patrick, and Kerwin Kofi Charles. 2018. “Divergent paths: A new perspective on earnings
differences between Black and White men since 1940.” The Quarterly Journal of Economics

133 (3): 1459-1501.

Boustan, Leah Platt, and Robert A Margo. 2015. “Racial differences in health in the United
States: A long-run perspective.” The Oxford Handbook of Economics and Human Biology,

730-750.

Case, Anne, and Angus Deaton. 2015. “Rising morbidity and mortality in midlife among white
non-Hispanic Americans in the 21st century.” Proceedings of the National Academy of Sci-

ences of the United States of America 112 (49): 15078—15083.

27



Case, Anne, and Angus Deaton. 2021. “Mortality rates by college degree before and during
COVID-19.” NBER Working Paper No. 29328.

Case, Anne, Darren Lubotsky, and Christina Paxson. 2002. “Economic Status and Health in

Childhood: The Origins of the Gradient.” American Economic Review 92 (5): 1308—1334.
“CDC COVID Data Tracker: Vaccination Trends.” 2022.

Chen, Alice, Emily Oster, and Heidi Williams. 2016. “Why is infant mortality higher in the

United States than in Europe?” American Economic Journal: Economic Policy 8 (2): 89—124.

Chen, Yea-Hung, M Maria Glymour, Ralph Catalano, Alicia Fernandez, Tung Nguyen, Mar-
got Kushel, and Kirsten Bibbins-Domingo. 2021. “Excess mortality in California during
the coronavirus disease 2019 pandemic, March to August 2020.” Journal of the American

Medical Association Internal Medicine 181 (5): 705-707.

Chen, Yea-Hung, Maria Glymour, Alicia Riley, John Balmes, Kate Duchowny, Robert Har-
rison, Ellicott Matthay, and Kirsten Bibbins-Domingo. 2021. “Excess mortality associated
with the COVID-19 pandemic among Californians 18—65 years of age, by occupational sector

and occupation: March through November 2020.” PLOS One 16 (6): €0252454.

Chen, Yea-Hung, Ellicott C Matthay, Ruijia Chen, Michelle A DeVost, Kate A Duchowny,
Alicia R Riley, Kirsten Bibbins-Domingo, and M Maria Glymour. 2022. “Excess mortality

in California by education during the COVID-19 pandemic.” American Journal of Preventive

Medicine 63 (5): 827-836.

Chen, Yea-Hung, Alicia R Riley, Kate A Duchowny, Héléne E Aschmann, Ruijia Chen, Mathew
V Kiang, Alyssa C Mooney, Andrew C Stokes, M Maria Glymour, and Kirsten Bibbins-
Domingo. 2022. “COVID-19 mortality and excess mortality among working-age residents in
California, USA, by occupational sector: A longitudinal cohort analysis of mortality surveil-

lance data.” The Lancet Public Health 7 (9): €744—€753.

28



Chen, Yiqun, Petra Persson, and Maria Polyakova. 2022. “The roots of health inequality and
the value of intrafamily expertise.” American Economic Journal: Applied Economics 14 (3):

185-223.

Chetty, Raj, John N Friedman, and Michael Stepner. 2024. “The economic impacts of COVID-
19: Evidence from a new public database built using private sector data.” The Quarterly Jour-

nal of Economics 139 (2): 829—889.

Chetty, Raj, Nathaniel Hendren, Maggie R Jones, and Sonya R Porter. 2020. “Race and eco-
nomic opportunity in the United States: An intergenerational perspective.” The Quarterly

Journal of Economics 135 (2): 711-783.

Chetty, Raj, Michael Stepner, Sarah Abraham, Shelby Lin, Benjamin Scuderi, Nicholas Turner,
Augustin Bergeron, and David Cutler. 2016. “The association between income and life ex-
pectancy in the United States, 2001-2014.” Journal of the American Medical Association 315

(16): 1750-1766.

Cohen, Patricia, and Ben Casselman. 2020. “Minority workers who lagged in a boom are hit hard

in a bust.” The New York Times.

Correia, Sergio, Stephan Luck, and Emil Verner. 2022. “Pandemics depress the economy, public
health interventions do not: Evidence from the 1918 flu.” The Journal of Economic History

82 (4): 917-957.

Cortes, Guido Matias, and Eliza Forsythe. 2023. “Heterogeneous labor market impacts of the

COVID-19 pandemic.” ILR Review 76 (1): 30-55.

Couch, Kenneth A, Robert W Fairlie, and Huanan Xu. 2020. “Early evidence of the impacts of

COVID-19 on minority unemployment.” Journal of Public Economics 192:104287.

29



Courtemanche, Charles, Joseph Garuccio, Anh Le, Joshua Pinkston, and Aaron Yelowitz.
2020. “Strong Social Distancing Measures In The United States Reduced The COVID-19
Growth Rate: Study evaluates the impact of social distancing measures on the growth rate of

confirmed COVID-19 cases across the United States.” Health Affairs 39 (7): 1237-1246.

Cowan, Benjamin W. 2020. “Short-run effects of COVID-19 on US worker transitions.” NBER

Working Paper No. 27315.

Cronin, Christopher J, and William N Evans. 2021. “Excess mortality from COVID and non-
COVID causes in minority populations.” Proceedings of the National Academy of Sciences

118 (39): €2101386118.

Currie, Janet. 2009. “Healthy, wealthy, and wise: Socioeconomic status, poor health in childhood,

and human capital development.” Journal of Economic Literature 47 (1): 87-122.

. 2011. “Inequality at birth: Some causes and consequences.” American Economic Review

101 (3): 1-22.

Currie, Janet, John Voorheis, and Reed Walker. 2020. “What caused racial disparities in par-
ticulate exposure to fall? New evidence from the Clean Air Act and satellite-based measures

of air quality.” American Economic Review.

Cutler, David M. 2022. “The costs of long COVID.” In Journal of the American Medical Associ-

ation Health Forum, vol. 3, €221809—e221809. 5. American Medical Association.

Davis, Hannah E, Gina S Assaf, Lisa McCorkell, Hannah Wei, Ryan J Low, Yochai Re’em,
Signe Redfield, Jared P Austin, and Athena Akrami. 2021. “Characterizing long COVID in

an international cohort: 7 months of symptoms and their impact.” EClinicalMedicine 38:101019.

Deaton, Angus. 2002. “Policy implications of the gradient of health and wealth.” Health Affairs
21 (2): 13-30.

30



Derenoncourt, Ellora, Chi Hyun Kim, Moritz Kuhn, and Moritz Schularick. 2022. “Wealth of

two nations: The US racial wealth gap, 1860-2020.” NBER Working Paper No. 30101.

Dillon, Michaela. 2021. Evaluating the master address file—auxiliary reference file (MAF-ARF)
as a potential respondent retention source. Technical report. Center for Economic Studies, US

Census Bureau.

Dingel, Jonathan I, and Brent Neiman. 2020. “How many jobs can be done at home?” Journal

of Public Economics 189:104235.

Finkelstein, Amy, Matthew Gentzkow, and Heidi Williams. 2021. “Place-based drivers of mor-

tality: Evidence from migration.” American Economic Review 111 (8): 2697-2735.

Finkelstein, Amy, Geoffrey Kocks, Maria Polyakova, and Victoria Udalova. 2022. “Hetero-

geneity in Damages from a Pandemic.” NBER Working Paper No. 30658.

Finkelstein, Amy, Matthew Notowidigdo, Frank Schilbach, and Jonathan Zhang. 2024. “Lives
vs. Livelihoods: The Impact of the Great Recession on Mortality and Welfare.” NBER Working
Paper No. 32110.

Finlay, Keith, and Katie R Genadek. 2021. “Measuring all-cause mortality with the Census Nu-

mident file.” American Journal of Public Health 111 (S2): S141-S148.

Flood, Sarah, Miriam King, Renae Rodgers, Steven Ruggles, J Robert Warren, and Michael
Westberry. 2022. “Integrated public use microdata series, Current Population Survey: Version

10.0 [dataset]. edited by IPUMS.” Minneapolis, MN.

Ford, Tiffany, Sarah Reber, and Richard V Reeves. 2020. “Race gaps in COVID-19 deaths are

even bigger than they appear.” Brookings.

31



Forsythe, Eliza, Lisa B Kahn, Fabian Lange, and David Wiczer. 2022. “Where have all the
workers gone? Recalls, retirements, and reallocation in the COVID recovery.” Labour Eco-

nomics 78:102251.

Foster, Thomas B, Leticia Fernandez, Sonya R Porter, and Nikolas Pharris-Ciurej. 2024.
“Racial and Ethnic Disparities in Excess All-Cause Mortality in the First Year of the COVID-

19 Pandemic.” Demography, 11133943.

Friedman, Joseph, and Samir Akre. 2021. “COVID-19 and the drug overdose crisis: uncovering
the deadliest months in the United States, January—July 2020.” American Journal of Public
Health 111 (7): 1284-1291.

Fuchs, Victor R. 1974. Who shall live?: Health, Economics and Social Choice. New York: Basic

Books.

Ganong, Peter, Damon Jones, Pascal J Noel, Fiona E Greig, Diana Farrell, and Chris Wheat.
2020. “Wealth, race, and consumption smoothing of typical income shocks.” NBER Working
Paper No. 27552.

Goda, Gopi Shah, and Evan Soltas. 2022. “The impacts of COVID-19 illnesses on workers.”
NBER Working Paper No. 30435.

Goldin, Claudia. 2022. “Understanding the economic impact of COVID-19 on women.” NBER
Working Paper No. 29974.

Gupta, Sumedha, Laura Montenovo, Thuy Nguyen, Felipe Lozano-Rojas, Ian Schmutte, Kos-
ali Simon, Bruce A Weinberg, and Coady Wing. 2023. “Effects of social distancing policy

on labor market outcomes.” Contemporary Economic Policy 41 (1): 166—193.

Hale, Thomas, Noam Angrist, Beatriz Kira, Anna Petherick, Toby Phillips, and Samuel Web-

ster. 2023. “Variation in government responses to COVID-19.”

32



Hatcher, Sarah M, Christine Agnew-Brune, Mark Anderson, Laura D Zambrano, Charles E
Rose, Melissa A Jim, Amy Baugher, Grace S Liu, Sadhna V Patel, Mary E Evans, et al.
2020. “COVID-19 among American Indian and Alaska Native persons—23 states, January
31-July 3, 2020.” Morbidity and Mortality Weekly Report 69 (34): 1166.

Hoyert, Donna L. 2022. “Maternal mortality rates in the United States, 2020.” Centers for Disease

Control and Prevention.

Hoynes, Hilary, Douglas L. Miller, and Jessamyn Schaller. 2012. “Who suffers during reces-

sions?” Journal of Economic Perspectives 26 (3): 27-48.

Kearney, Melissa S, Luke Pardue, et al. 2020. “Exposure on the job: Who are the essential work-

ers who likely cannot work from home?”” Brookings.

Kurtzleben, Danielle. 2020. “Job losses higher among people of color during coronavirus pan-

demic.” NPR.

Lee, Sang Yoon Tim, Minsung Park, and Yongseok Shin. 2021. “Hit harder, recover slower?
Unequal employment effects of the COVID-19 shock.” Federal Reserve Bank of St. Louis
Review, Fourth Quarter 2021, 367-383.

Lleras-Muney, Adriana. 2022. “Education and Income Gradients in Longevity: The Role of Pol-

icy.” NBER Working Paper No. 29694.

Lundberg, Dielle J, Ahyoung Cho, Rafeya V Raquib, Elaine O Nsoesie, Elizabeth Wrigley-
Field, and Andrew C Stokes. 2022. “Geographic and temporal patterns in COVID-19 mor-

tality by race and ethnicity in the United States from March 2020 to February 2022.” medRxiyv.

33



Mackey, Katherine, Chelsea K Ayers, Karli K Kondo, Somnath Saha, Shailesh M Advani,
Sarah Young, Hunter Spencer, Max Rusek, Johanna Anderson, Stephanie Veazie, ct al.
2021. “Racial and ethnic disparities in COVID-19-related infections, hospitalizations, and

deaths: a systematic review.” Annals of Internal Medicine 174 (3): 362—-373.

Meara, Ellen R, Seth Richards, and David M Cutler. 2008. “The gap gets bigger: changes in
mortality and life expectancy, by education, 1981-2000.” Health Affairs 27 (2): 350-360.

Miller, Sarah, Laura R Wherry, and Bhashkar Mazumder. 2021. “Estimated mortality in-
creases during the COVID-19 pandemic By socioeconomic status, race, and ethnicity: Study

examines COVID-19 mortality by socioeconomic status, race, and ethnicity.” Health Affairs

40 (8): 1252-1260.

Montenovo, Laura, Xuan Jiang, Felipe Loozano Rojas, lan M Schmutte, Kosali Simon, Bruce
A. Weinberg, and Coady Wing. 2022. “Determinants of disparities in COVID-19 job losses.”
Demography 59 (3): 827-855.

Novosad, Paul, Charlie Rafkin, and Sam Asher. 2022. “Mortality change among less educated

Americans.” American Economic Journal: Applied Economics 14 (4): 1-34.

Polyakova, Maria, and Lynn M. Hua. 2019. “Local area variation in morbidity among low-
income, older adults in the United States: A cross-sectional study.” Annals of Internal Medicine

171 (7): 464-473.

Polyakova, Maria, Geoffrey Kocks, Victoria Udalova, and Amy Finkelstein. 2020. “Initial eco-
nomic damage from the COVID-19 pandemic in the United States is more widespread across
ages and geographies than initial mortality impacts.” Proceedings of the National Academy of

Sciences 117 (45): 27934-27939.

34



Polyakova, Maria, Victoria Udalova, Geoffrey Kocks, Katie Genadek, Keith Finlay, and Amy
N. Finkelstein. 2021. “Racial disparities in excess all-cause mortality during the early COVID-

19 pandemic varied substantially across states.” Health Affairs 40 (2): 307-316.
Ray, Rashawn. 2020. “Why are Blacks dying at higher rates from COVID-19?" Brookings.

Reif, Julian, Hanke Heun-Johnson, Bryan Tysinger, and Darius Lakdawalla. 2021. “Measur-
ing the COVID-19 mortality burden in the United States: A microsimulation study.” Annals

of Internal Medicine 174 (12): 1700—1709.

Rossen, Lauren M, Farida B Ahmad, Robert N Anderson, Amy M Branum, Chengan Du,
Harlan M Krumholz, Shu-Xia Li, Zhenqiu Lin, Andrew Marshall, Paul D Sutton, et
al. 2021. “Disparities in excess mortality associated with COVID-19—United States, 2020.”

Morbidity and Mortality Weekly Report 70 (33): 1114.

Rothwell, Jonathan, and Ember Smith. 2021. “Socioeconomic Status as a Risk Factor in Eco-
nomic and Physical Harm from COVID-19: Evidence from the United States.” The Annals of

the American Academy of Political and Social Science 698 (1): 12-38.

Ruhm, Christopher J. 2000. “Are recessions good for your health?” The Quarterly Journal of
Economics 115 (2): 617-650.

. 2005. “Healthy living in hard times.” Journal of Health Economics 24 (2): 341-363.

. 2015. “Recessions, healthy no more?” Journal of Health Economics 42:17-28.

. 2022. “Excess deaths in the United States during the first year of COVID-19.” Preventive
Medicine 162:107174.

. 2023. “The Evolution of Excess Deaths in the United States During the First Two Years

of the COVID-19 Pandemic.” American Journal of Epidemiology 192 (12): 1949—-1959.

35



Schwandt, Hannes, Janet Currie, Marlies Bir, James Banks, Paola Bertoli, Aline Biitikofer,
Sarah Cattan, Beatrice Zong-Ying Chao, Claudia Costa, Libertad Gonzalez, et al. 2021.
“Inequality in mortality between Black and White Americans by age, place, and cause and in
comparison to Europe, 1990 to 2018.” Proceedings of the National Academy of Sciences 118
(40): €2104684118.

Schwandt, Hannes, Janet Currie, Till von Wachter, Jonathan Kowarski, Derek Chapman,
and Steven H Woolf. 2022. “Changes in the relationship between income and life expectancy
before and during the COVID-19 pandemic, California, 2015-2021.” Journal of the American

Medical Association.

Schwandt, Hannes, and Till Von Wachter. 2020. “Socio-Economic Decline and Death: The Life-

Cycle Impacts of Recessions for Labor Market Entrants.” NBER Working Paper No:26638.

Scott, Eugene. 2020. “4 reasons coronavirus is hitting Black communities so hard.” The Washing-

ton Post.

Shiels, Meredith S, Anika T Haque, Emily A Haozous, Paul S Albert, Jonas S Almeida,
Montserrat Garcia-Closas, Anna M Napoles, Eliseo J Pérez-Stable, Neal D Freedman,
and Amy Berrington de Gonzalez. 2021. “Racial and ethnic disparities in excess deaths dur-
ing the COVID-19 pandemic, March to December 2020.” Annals of Internal Medicine 174
(12): 1693-1699.

Stevens, Ann H, Douglas L. Miller, Marianne E Page, and Mateusz Filipski. 2015. “The best of
times, the worst of times: understanding pro-cyclical mortality.” American Economic Journal:

Economic Policy 7 (4): 279-311.

Sullivan, Daniel, and Till Von Wachter. 2009. “Job displacement and mortality: An analysis using

administrative data.” The Quarterly Journal of Economics 124 (3): 1265-1306.

36



Truman, Benedict I, Man-Huei Chang, and Ramal Moonesinghe. 2022. “Provisional COVID-
19 age-adjusted death rates, by race and ethnicity—United States, 2020-2021.” Morbidity and
Mortality Weekly Report 71 (17): 601.

Udalova, Victoria, Vinayak Bhatia, and Maria Polyakova. 2022. “Association of Family Income
With Morbidity and Mortality Among US Lower-Income Children and Adolescents.” JAMA

328, no. 24 (December): 2422-2430.

Wagner, Deborah, Mary Lane, et al. 2014. The person identification validation system (PVS):
applying the Center for Administrative Records Research and Applications (CARRA) record

linkage software. Technical report. Center for Economic Studies, US Census Bureau.

Williams, David R, and Pamela Braboy Jackson. 2005. “Social sources of racial disparities in

health.” Health Affairs 24 (2): 325-334.

Woolf, Steven H, Derek A Chapman, Roy T Sabo, and Emily B Zimmerman. 2021. “Excess
deaths from COVID-19 and other causes in the US, March 1, 2020, to January 2, 2021.”
Journal of the American Medical Association 325 (17): 1786—1789.

Zhang, Jonathan. 2021. “Hospital avoidance and unintended deaths during the COVID-19 pan-
demic.” American Journal of Health Economics 7 (4): 405—426.

Ziauddeen, Nida, Deepti Gurdasani, Margaret E O’Hara, Claire Hastie, Paul Roderick, Guiqing
Yao, and Nisreen A Alwan. 2022. “Characteristics and impact of Long COVID: Findings
from an online survey.” PloS One 17 (3): €0264331.

Ziedan, Engy, Kosali I Simon, and Coady Wing. 2022. “Mortality Effects of Healthcare Sup-
ply Shocks: Evidence Using Linked Deaths and Electronic Health Records.” NBER Working

Paper No. 30553.

37
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Figure 1: Aggregate Mortality and Employment
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Notes: Panel (A) shows the annual number of observed and predicted deaths per 10,000 people
among all individuals ages 11-99 using the full Census Numident dataset. Panel (B) shows observed
and predicted number of individuals employed per 100 working-age adults over the same time
period. Panels (C) and (D) show the monthly series for the same measures, with dashed vertical
lines indicating the start of the first and second year of the pandemic. The annual employment-to-
population ratio averages employment-to-population ratio across all months in a given year. A year
is defined as 12 months from March to February. Panels (A) and (B) use data from March 2011
to February 2022. Panels (C) and (D) use data from January 2020 to February 2022. The dashed
‘prediction’ series for mortality and employment-to-population are constructed in Panels (A) and
(B)as g, = &+ x t, using the estimates from Equation 2; they are constructed in Panels (C) and
(D) as Yt = iy —|—B % t based on the estimates from Equation 1. The 95% confidence interval for
the prediction is shaded in gray and is based on heteroskedasticity-robust standard errors and CPS
survey weights (in B and D). Source: Authors’ calculations from Census Numident and Current
Population Survey. All results were approved for release by the Census Bureau, auth. no. CBDRB-
FY22-POP001-0104, CBDRB-FY22-POP001-03 7, CBDRB-FY23-POP001-0001.



Figure 2: Age-Adjusted Economic and Health Damages by Race and Ethnicity
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Notes: This graph plots average annual (averaged across the two pandemic years) age-adjusted eco-
nomic damages (among 25- to 64-year-olds) against average annual age-adjusted excess all-cause
mortality (among 11- to 99-year-olds) by race and ethnic group. Lines show the heteroskedasticity-
robust 95 percent confidence intervals for each group, using CPS survey weights for economic dam-
ages. Each circle represents one group, and the size of each circle is proportional to the weighted
group population size aged 25 to 64 in the CPS sample. All groups other than “Hispanic” are limited
to Non-Hispanic individuals. Damages are estimated as specified in Equation 3. We use the age
distribution in the full sample as the benchmark for age-adjustment. See Appendix Table C.4 for
the point estimates and the standard errors. Source: Authors’ calculations from Census Numident,
2010 Decennial Census, 2010 Census Modeled Race File, and Current Population Survey. All re-
sults were approved for release by the Census Bureau, auth. no. CBDRB-FY22-POP001-0104,
CBDRB-FY22-POP001-0117, CBDRB-FY23-POP001-0001.
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Figure 3: Age-Adjusted Monthly Gaps in Damages by Race and Ethnicity
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Notes: Panels (A) and (C) show, among individuals ages 11-99, age-adjusted monthly Black-White
gaps in excess mortality (Panel A) and Hispanic-White gaps in excess mortality (Panel C). Pan-
els (B) and (D) show, among individuals ages 25-64, age-adjusted monthly Black-White gaps in
employment damages (Panel B) and Hispanic-White gaps in employment damages (Panel D). The
graph displays estimates for January 2020 to February 2022, with dashed vertical lines indicating
the start of the first and second year of the pandemic. The 95% confidence interval for the gap is
shaded in gray and is based on heteroskedasticity-robust standard errors and CPS survey weights
(in B and D). Damages are estimated as specified in Equation 4. We use the age distribution in the
full sample as the benchmark for age-adjustment. Source: Authors’ calculations from Census Nu-
mident, 2010 Decennial Census, 2010 Census Modeled Race File, and Current Population Survey.
All results were approved for release by the Census Bureau, auth. no. CBDRB-FY22-POP001-
0104, CBDRB-FY22-POP001-0117, CBDRB-FY23-POP001-0001.

40



Figure 4: Age-Adjusted Economic and Health Damages by Education Level
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Notes: This graph plots average annual (averaged across the two pandemic years) age-adjusted
economic damages (among 25- to 64-year-olds) against average annual age-adjusted excess all-
cause mortality (among 25- to 99-year-olds) by the level of educational attainment. Lines show the
heteroskedasticity-robust 95-percent confidence intervals for each group, using CPS survey weights
for economic damages and ACS person-level weights for health damages. Each circle represents
one educational attainment group. The size of each circle is proportional to the weighted group
population size aged 25 to 64 in the CPS sample. Damages are estimated as specified in Equation
3. We use the age distribution in the full sample as the benchmark for age-adjustment. The mortality
results use the ACS-Numident linked dataset. See Appendix Table C.5 for the point estimates and
the standard errors. Source: Authors’ calculations from Census Numident, the 1-Year American
Community Survey, and Current Population Survey. All results were approved for release by the
Census Bureau, auth. no. CBDRB-FY22-POP001-0104, CBDRB-FY22-POP001-0117, CBDRB-
FY23-POP001-0001.
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Figure 5: Age-Adjusted Monthly Gaps in Damages by Education Level

(A) Excess Mortality Gap by BA Attainment (B) Economic Damages Gap by BA Attainment
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Notes: Panel (A) shows, among individuals ages 25-99, age-adjusted monthly gaps in excess mor-
tality for individuals without a bachelor’s degree (BA) or higher compared to those with a BA or
higher. Panel (B) shows, among individuals ages 25-64, age-adjusted monthly gaps in employment
damage for individuals without a BA compared to those with a BA or higher. The graph displays
estimates for January 2020 to February 2022, with dashed vertical lines indicating the start of the
first and second year of the pandemic. The 95% confidence interval for the gap is shaded in gray
and is based on heteroskedasticity-robust standard errors and relevant survey weights (ACS person-
level weights in A and CPS survey weights in B). We use the age distribution in the full sample
as the benchmark for age-adjustment. Damages are estimated as specified in Equation 4. Source:
Authors’ calculations from Census Numident, the 1-Year American Community Survey, and Cur-
rent Population Survey. All results were approved for release by the Census Bureau, auth. no.
CBDRB-FY22-POP001-0104, CBDRB-FY22-POP001-0117, CBDRB-FY23-POP001-0001.
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Figure 6: Age-Adjusted Economic and Health Damages by Industry/Occupation
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Notes: This graph plots average annual (averaged across the two pandemic years) age-adjusted
economic damages (among 25- to 64-year-olds) against average annual age-adjusted excess all-
cause mortality (among 25- to 64-year-olds) by industry (Panel A) and occupation and work-from-
home status (Panel B). Each circle represents one industry or occupation. The size of each circle
is proportional to the weighted group population size aged 25 to 64 in the CPS sample. Damages
are estimated as specified in Equation 3. We use the age distribution in the full sample as the
benchmark for age-adjustment. The mortality results use the ACS-Numident linked dataset. See
Appendix Tables C.6 and C.7 for the point estimates and the standard errors. To improve readability,
one (small) industry “company management,” for which we estimate close to zero economic impact
and negative excess mortality, is excluded from Panel (A). The dashed vertical and horizontal lines
demarcate the level of damages in the population-weighted median industry or occupation. The
legend shows the slopes of the unweighted line of best fit and line of best fit weighted by industry
or occupation population. Occupations are classified as being able to work from home (WFH)
following Dingel and Neiman 2020, as those in which at least 50 percent of the jobs within the
occupation can be done from home. Source: Authors’ calculations from Census Numident, the 1-
Year American Community Survey, and Current Population Survey. All results were approved for
release by the Census Bureau, auth. no. CBDRB-FY22-POP001-0104, CBDRB-FY22-POP001-
0117, CBDRB-FY23-POP001-0001.
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Figure 7: Age-Adjusted Health Damages by Income
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Notes: This graph plots annual age-adjusted excess mortality damage (among 25- to 64-year-olds)
by family income, separately from March 2020 through February 2021 (in gray circles) and from
March 2021 through February 2022 (in black squares). Lines show the heteroskedasticity-robust
95-percent confidence intervals for each income group, using ACS person-level weights. Our in-
come measure is the ratio of a family’s income to the poverty threshold, multiplied by 100, as
reported in ACS. Damages are estimated as specified in Equation 3. We use the age distribution
in the full sample as the benchmark for age-adjustment. See Appendix Table C.8 for the point
estimates and the standard errors. Source: Authors’ calculations from Census Numident and the
I-Year American Community Survey. All results were approved for release by the Census Bureau,
auth. no. CBDRB-FY22-POP001-0104, CBDRB-FY22-POP001-0117, CBDRB-FY23-POP001-
0001.
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Table 1: Summary Statistics

(D (2) (3) 4) (5
Ages 11-99 Ages 25-64
Numident ACS- Numident ACS- CPS
Numident Numident
Person-Years (Unweighted) 483,300,000 43,070,000 285,400,000 23,920,000 429,423
Percent Died 1.26 1.26 0.48 0.45 .
Percent Employed . . . . 72.56
Average Age 4521 45.74 44.48 44.72 43.81
% in each category
Male 48.84 48.41 49.41 48.81 49.17
Hispanic 14.78 14.32 14.53 14.36 18.84
Non-Hispanic White 65.85 67.10 65.07 66.10 58.55
Non-Hispanic Black 12.58 12.02 13.20 12.50 13.28
Non-Hispanic Asian 5.28 5.22 5.63 5.64 6.64
American Indian/Alaskan 0.90 0.82 0.95 0.85 0.83
Hawaiian/Pacific Islander 0.19 0.17 0.21 0.18 0.36
Other/Two or More Races 0.40 0.36 0.41 0.36 1.49

Notes: This table shows summary statistics for our main analytic datasets. The statistics only
include data from March 2020 to February 2022. Columns (1) and (3) use the full Census Numident
dataset with sample restrictions as outlined in Section 2. Columns (2) and (4) use the linked ACS-
Numident dataset, which is a merge between Census Numident and six years of the 1-year American
Community Survey (ACS) data. Column (5) is based on the Current Population Survey (CPS). ACS
person-level weights and CPS sample weights are used when computing the means in columns (2),
(4), and (5). “Person-Years” refers to the unique number of person and year combinations that we
observe in each data set. “Percent Died” refers to the share of individual-years in the data for which
the individual died. Race and ethnicity categories are based on self-reported race and ethnicity from
2010 Decennial Census or the 2010 Census Modeled Race File. All numbers are rounded according
to U.S. Census Bureau disclosure protocols. Source: Authors’ calculations from Census Numident,
2010 Decennial Census, 2010 Census Modeled Race File, the 1-Year American Community Survey,
and Current Population Survey. All results were approved for release by the Census Bureau, auth.
no. CBDRB-FY22-POP001-0104, CBDRB-FY22-POP001-0117, CBDRB-FY23-POP001-0001.
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Heterogeneity in Damages from a Pandemic

Online Appendices

Amy Finkelstein, Geoffrey Kocks, Maria Polyakova, and Victoria Udalova

A Data Appendix

A.1 Census Numident Data

We use the U.S. Census Bureau’s version of the Social Security Administration’s Numerical Iden-
tification file (Census Numident) (2022 quarter 3 updated vintage) for our mortality analyses. The
records are cumulative, adding people as they apply for Social Security numbers upon birth or
arrival to the U.S. The date of death is recorded regardless of whether the person died inside or
outside the United States, and deceased individuals are not removed from the data. The version of
the Census Numident available to us was released October 7, 2022 and is deemed to be a complete
record of deaths through March 2022 (Foster et al. 2024). We first restrict that data to individuals
who had either no date of death recorded or had a date of death on or after January 1, 2011. Begin-
ning with this dataset of approximately 424 million individuals, we follow Polyakova et al. (2021)
and impose the following restrictions in order to ensure that we reliably observe ages and the date

of death if applicable. Appendix Table C.1 reports how these restrictions change the sample size:

1. Drop observations for 1.9 million individuals who have a missing year and month of birth;
we allow the day of the month be missing. We cannot compute age of individuals (at the
beginning of each month) for whom the year and month of birth are missing. After this step,

the data consists of approximately 422 million individuals.

2. Drop observations for 0.11 million individuals who have a missing year and month of death;
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we allow the day of the month be missing. We cannot assign the month of death for these

individuals.

. Drop observations for 15 million individuals who would have been at least 100 years old
prior to 2010. This helps account for historical underreporting of deaths in Numident. As
noted in the Online Appendix to Polyakova et al. (2021), deaths only began to be captured
systematically in the SSA Numident file beginning in 1962, so many individuals who were
deceased prior to this date do not have a recorded death date. After this step, the data consists

of approximately 408 million individuals.

. Drop observations for 60 million individuals if we cannot verify that these individuals were
still alive at the start of 2010 using supplementary linked data sources. This procedure is
described in more detail in the Online Appendix to Polyakova et al. (2021). Specifically,
we exclude individuals if we cannot confirm that they were alive on January 1, 2011 from
the death record in Census Numident itself or through any of the 2010 Decennial Census,
2010 Medicare Enrollment Database (EDB), or the 2010 and 2011 MAF-ARF (address) files.
The MAF-ARF includes address information obtained from a variety of administrative and
Census survey sources (Dillon 2021). We only keep individuals that satisfy at least one of
the following conditions: (a) died during January 2011-February 2022 as recorded in the
Census Numident file; or (b) were alive in the 2010 Decennial Census; or (c) were alive in
the 2010 Medicare EDB; or (d) were included in the MAF-ARF in both 2010 and 2011. After
this step, there are approximately 347 million individuals and 3.343 billion individual-years

remaining in the dataset.

. Drop 226 million individual-years (approximately 6.7% of the remaining sample) for indi-
viduals if we do not have information on their race and ethnicity — see the description of our
sources for race and ethnicity below. This restricts our sample to individuals who are 11 or

older, since we do not have race/ethnicity information for individuals born after 2010 (and
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hence at the beginning of the last year of our data in 2021 we only observe race/ethnicity for

individuals who are at least 11 years old).

6. Drop 303 million individual-year observations for which an address is not recorded in the
MAF-AREF file or for which the address is outside of the 50 U.S. states or the District of

Columbia.

The resulting “full” Census Numident dataset for years 2011-2021 consists of 2.6 billion individual-

years between the ages of 11 and 99 and 1.6 billion individual-years between the ages of 25 and
64. This corresponds to 483.3 million unique individual-years aged 11-99 years and 285.4 million
unique individual-years aged 25-64 years in years 2020 and 2021. Out of these individual-years,
we are able to locate American Community Survey survey responses for 228.1 million individual-
year observations between the ages of 11 and 99 and 130.5 million individual-year observations
between the ages of 25 and 64. These in turn correspond to 43.1 million (age 11-99) and 23.9

million (age 25-64) individual-year observations in 2020 and 2021.

A.2 Race and Ethnicity Data

Our information on race and ethnicity comes from two sources: the 2010 Decennial Census and
the 2010 Modeled Race file produced by the Census Bureau. We first link the Census Numident
to the 2010 Decennial Census. We thus require the individuals to be present in the U.S. in 2010.
This merge uses a unique individual-level anonymous identifier common across all Census data
sources, called a Protected Identification Key (PIK). PIKs are created using personally identifiable
information (PII) and probabilistic record linkage (Wagner, Lane, et al. 2014). Individuals do not
receive PIKs if either their PII are of low quality to assign a valid unique PIK or because they do not
have a social security number (SSN). When race/ethnicity is not available in Decennial Census, we
use the race/ethnicity variable recorded in the Census Bureau’s 2010 Modeled Race File. The 2010

Modeled Race file is based on information from the 2000 Decennial Census, the 2010 Decennial
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Census, the Census Numident, the Indian Health Services, and other administrative records. We
use the race/ethnicity information from the 2010 Decennial Census when available, and if it is not
available in this file, we use the race/ethnicity variable recorded in the Modeled Race File. As noted
in the Online Appendix to Polyakova et al. (2021), we do not use the direct measure of race/ethnicity
recorded in the Census Numident file due to limitations in the SSA’s race/ethnicity records for the
oldest and youngest individuals. We use the following categories of race and ethnicity: Hispanic;
non-Hispanic White; non-Hispanic Black; non-Hispanic Asian; non-Hispanic Hawaiian or Pacific

Islander; non-Hispanic American Indian or Alaskan Native; or Other or Two or More Races.

A3 ACS Data

We use the following variables from the American Community Survey (years 2005-2019) in our

main analysis. For all variables, missing values are counted as a separate category.

* Education: The education variable includes following categories: less than a high school
diploma or equivalent; high school or GED; some college but not a degree; associate degree;

bachelor’s degree; master’s degree; professional degree; and doctoral degree.

* Industry: 23 broad industry categories based on NAICS codes — agriculture; forestry and
fishing; mining, quarrying, oil, and gas; utilities; construction; manufacturing; wholesale
trade; retail trade; transportation and warehousing; information; finance and insurance; real
estate, rental, and leasing; professional, scientific, and technical services; company man-
agement; administrative and support; educational services; healthcare and social assistance;
arts, entertainment, and recreation; accommodation and food services; other services (except
public administration); public administration; active military duty; and unemployed. Some
unemployed individuals or those not in the labor force may be coded under the most recent

industry where they worked, if applicable.
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* Occupation: 24 broad occupation categories based on Standard Occupation Classification
groups following Census occupation codes — management; business and financial; computer
and mathematical; architecture and engineering; life, physical, and social science; commu-
nity and social service; legal occupations; education, instruction, and library; art, design,
entertainment, and media; healthcare practitioners and technical; healthcare support; protec-
tive service occupations; food preparation and serving; building and grounds cleaning and
maintenance; personal care and service; sales and related; office and administrative support;
farming, fishing, forestry; construction and extraction; installation, maintenance, and repair;
transportation; material moving; military; and unemployed. Some unemployed individu-
als or those not in the labor force may be coded under the most recent industry where they

worked, if applicable.

* Work-from-home status: an indicator for work-from-home status as defined in Dingel and
Neiman (2020), based on broad occupation categories. An occupation is considered to be
“work-from-home” if at least 50% of the jobs within the occupation can be done from home

based on survey evidence as described in Dingel and Neiman (2020).

* Income: 21 bins for the ratio of a family’s income to the poverty index, multiplied by 100:

0-49, 50-99, 100-149, ..., 950-998, 999 or higher.

+ Disability status: with or without a disability. Individuals are considered to have a disability
if they responded “yes” to at least one of the following: having hearing difficulties, vision
difficulties, self-care difficulties, independent living difficulties, ambulatory difficulties, or

cognitive difficulties.

We use the following ACS variables in the analysis reported in Appendix B:

* People per room: 6 indicators for the ratio of people in the household to the number of

rooms in the house: less than 0.2, 0.2-0.4, 0.4-0.6, 0.6-0.8, 0.8-1.0, at least 1.0.
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* Housing type: one-family home, apartment building, or other (e.g., mobile home, boat, or

RV).

* Group quarters: 4 broad categories based on the group quarter type — health group quarters
(e.g., nursing facilities/skilled nursing facilities, psychiatric facilities, and in-patient hospice
facilities); non-health group quarters (e.g., correctional facilities, group homes for juveniles,
college/university student housing, and military quarters); other non-institutional facilities
(e.g., emergency and transitional shelters, soup kitchens, and maritime vessels); and non-

group quarters.

* Mode of transportation to work: car, truck, or van; subway, elevated train, rail, or streetcar;

walking, bike, or motorcycle; work from home; or other (e.g., ferry or taxi).

» Essential worker status: an indicator for essential worker status as defined in Kearney,
Pardue, et al. (2020), based on a crosswalk of detailed industry codes to the Department of
Homeland Security’s list of essential jobs. Kearney, Pardue, et al. (2020) base their definition
on a March 2020 memo from the Department of Homeland Security with a list of essential

jobs, which they then match to 2017 Census industry codes.

* Health insurance: indicator variable for having any type of health insurance coverage. This
variable is only available in the ACS beginning in 2008; earlier years of data are coded to

have a missing value.

A.4 CPS Data

For economic analyses using the IPUMS CPS files (Flood et al. 2022), we start with the sample
between January 2011 and February 2022 of non-institutionalized individuals who live in any of the
50 United States or the District of Columbia; this sample consists of 16,688,009 individual-month

observations. We then limit our CPS sample to the non-military population (resulting in 16,631,120
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individual-months remaining), those who are at least 25 years old (resulting in 12,438,442 individual-
months remaining), and those who are younger than 65 years (resulting in 9,647,381 individual-
months remaining).

For each individual in CPS, we typically observe four months of data over a twelve month
period. We average monthly data for our annual analyses. For continuous variables, such as age,
we define the annual value to be the mean of the variable (for example, mean age) reported across
different response months. For categorical variables such as race/ethnicity, education, industry, and
occupation, income categories, and disability status, we use the individual’s modal response over
the twelve month period. In cases where there is a tie (for example, the person works in industry
A for half of the time, and in industry B for the other half), we randomly assign the person to one
of the two groups. For employment, we take the (unweighted) proportion of the number of months
in which the individual reported being employed (among all months in which the individual was
surveyed).

Below we list all CPS variables used in our analysis. For all variables, missing values are coded

as a separate category.

* Race/Ethnicity: This variable includes the following categories of race and ethnicity: His-
panic; non-Hispanic White; non-Hispanic Black; non-Hispanic Asian; non-Hispanic Hawai-
ian or Pacific Islander; non-Hispanic American Indian or Alaskan Native; or non-Hispanic

Other or Two or More Races.

* Education: The education variable includes following categories: less than high school;
high school or GED; some college; associate degree; bachelor’s degree; master’s degree;

professional degree; and doctoral degree.

* Industry: 22 broad industry categories based on NAICS codes — agriculture; forestry and
fishing; mining, quarrying, oil, and gas; utilities; construction; manufacturing; wholesale

trade; retail trade; transportation and warehousing; information; finance and insurance; real
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estate, rental, and leasing; professional, scientific, and technical services; company man-
agement; administrative and support; educational services; healthcare and social assistance;
arts, entertainment, and recreation; accommodation and food services; other services (except
public administration); public administration; and unemployed. The CPS asks unemployed
individuals or those not in the labor force to provide the most recent industry where they

worked, if applicable.

* Occupation: 23 broad occupation categories based on Standard Occupation Classification
groups following Census occupation codes — management; business and financial; computer
and mathematical; architecture and engineering; life, physical, and social science; commu-
nity and social service; legal occupations; education, instruction, and library; art, design,
entertainment, and media; healthcare practitioners and technical; healthcare support; protec-
tive service occupations; food preparation and serving; building and grounds cleaning and
maintenance; personal care and service; sales and related; office and administrative support;
farming, fishing, forestry; construction and extraction; installation, maintenance, and repair;
transportation; material moving; and unemployed. The CPS asks unemployed individuals
or those not in the labor force to provide the most recent occupation where they worked, if

applicable.

* Work-from-home status: an indicator for work-from-home status as defined in Dingel and
Neiman (2020), based on broad occupation categories. An occupation is considered to be
“work-from-home” if at least 50% of the jobs within the occupation can be done from home
based on survey evidence as described in Dingel and Neiman (2020). Unemployed individ-
uals or those not in the labor force are coded under their most recent job’s work-from-home
status, if applicable. Otherwise, we coded these individuals as non-work-from-home work-

€rS.

* Income: annual family income during the past 12 months of the survey, in 17 categories:
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blank (missing); under $5,000; $5,000-$7,499; $7,500-$9,999; ...; $150,000 and over.

* Disability status: with or without a disability. Individuals are considered to have a disability
if in CPS they report having any physical or cognitive difficulty measured as a combination of
having responded ‘yes’ to at least one of CPS’ six physical or cognitive difficulties: hearing,

eye, remembering, physical, mobility, personal care limitations.

In Appendix B, we additionally use the following variables:

» Essential worker status: an indicator for essential worker status as defined by Kearney,
Pardue, et al. (2020), based on a crosswalk of detailed industry codes to the Department of
Homeland Security’s list of essential jobs. Kearney, Pardue, et al. (2020) base their definition
on a March 2020 memo from the Department of Homeland Security with a list of essential
jobs, which they then match to 2017 Census industry codes. Similar to the industry definition.
Unemployed individuals or those not in the labor force are coded under their most recent
job’s essential status if applicable. Otherwise, we coded these individuals as non-essential

workers.

* Young child: indicates whether a person’s own child (if any) resides with them and is under

the age of 13.

B Correlates of Racial and Ethnic Disparities in Damages

We examine the ability of various observable factors to explain — in a statistical sense — the racial and

ethnic disparities in mortality and economic damages that we estimate. We focus on the working

age population — ages 24-64 — and the average damages over the first two years of the pandemic.?*

240ur decomposition is similar in spirit to Alsan et al. (2021) who decompose differences in

COVID-19 hospitalizations (as measured in claims data from a large insurer) by race/ethnicity
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B.1 Econometric Framework

We quantify the explanatory power of observable factors by estimating a variant of Equation 3 that

further adjusts for additional covariates (X)) that take on values z:

Yi(p)t = Cp + Yo + Nz + 6p X1+ Z <ep7—1{t:7} + )\CLTﬂ{t:T} + gxrﬂ{t:7}> + €t (5)
7€{2020,2021}

Like Equation 3, this specification controls for differences in the age distribution (a) using five-
year age bin fixed effects. We now also include fixed effects for each value of X and interactions
of those fixed effects with indicators for pandemic years 2020 and 2021, allowing for both separate
levels (7,) and pandemic effects ((,.) by these covariates. Our main quantity of interest is how
the 0, 2020 and 0, 2021 (Which, recall, measures age-adjusted gaps in damages across racial/ethnic
groups) change when we either include individual covariates for X or jointly include all covariates.
This captures how much our observable factors, either separately or in aggregate, can (statistically)
explain the racial/ethnic gaps in the pandemic’s impact.”> We average 62020 and 6,2021 when re-
porting our results.

For the analyses of gaps in excess mortality, we consider the following X: state, the number
of people per room, housing type, being in group quarters, the mode of transportation to work (we
refer to these variables as “living arrangement” measures), as well as fixed effects for industry,

occupation, indicator for the (likely) ability to work from home, and indicator for (likely) being

during the first three quarters of 2020 and to Cortes and Forsythe (2023) who decompose Black-
White differences in year-on-year job displacement probabilities in the CPS during April 2020 and
February 2021.

23Similar approaches have been used to consider the role of covariates in racial gaps in consump-
tion smoothing (Ganong et al. 2020), racial gaps in exposure to air pollution (Currie et al. 2020),

and geographic gaps in infant mortality (Chen et al. 2016).
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an essential worker (we refer to these variables as “nature of work” measures). These variables
can all be thought of as proxying for differences in the risk of exposure to the pandemic. Our
data are fairly rich on measures of exposure risk, but substantially less so for measures of severity
conditional on exposure. We are able to add only a few covariates that likely capture severity
conditional on exposure: disability status, sex, and having health insurance. We also report how
our estimates change with the inclusion of family income; this is strongly correlated with both the
risk of exposure as well as the factors that contribute to severity of impact.

As in our baseline analysis, we use lagged measures of covariates defined prior to the start of
the pandemic. This has the advantage of avoiding endogenous changes in the covariates due to the
pandemic itself. However, this may weaken the explanatory power of the variables if their values
change between the time of measurement and the start of the pandemic.

For the analysis of gaps in economic damages, X includes the following measures that proxy
for differences in the risk of exposure: state (we do not observe any other information about living
arrangements in CPS), industry, occupation, and indicators for the ability to work from home and
being an essential worker. We similarly report how our estimates are affected by the inclusion of
variables that likely correlate with the determinants of the economic impact severity such as sex,
disability status, and having a young child in the household which could affect parental labor force

participation when schools close, as well as family income.

B.2 Results

Table C.10 shows the results of estimating Equation 5 for non-Hispanic Black-White gaps in both
health and economic damages among ages 25-64. The “Gap” column shows the difference in
average damages (by year for mortality and month for employment) among non-Hispanic Black
people relative to non-Hispanic White people. The “Reduction relative to baseline” column shows
the percent difference in the estimate of the average of the 6, coefficients for different values of X

relative to the “Age Adjusted” row. The average annual unadjusted Black-White gap among 25-
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to 64-year-olds in March 2020 - February 2022 is 9.7 per 10,000 for excess mortality and 3.0 per
100 for missing employment.’® Adjusting for age results in a slight increase in the Black-White
gap in excess mortality from 9.7 per 10,000 to 10.2 per 10,000, and a slight decrease (from 3.0 to
2.9 extra missing jobs) in economic damages, consistent with the non-Hispanic Black population
being on average younger than the non-Hispanic White population.

Subsequent panels add individual covariates to the regression. The “exposure” covariates —
living arrangements (panel B) and nature of work (panel C) — individually account for between 2
and 11 percent of the excess mortality gap. Together, the living arrangement and nature of work
variables explain approximately 25 percent of the Black-White excess mortality gap (panel F);
this suggests that our proxies of exposure differences are an important piece of the gap, but that
a substantial share remains unexplained. We note that income and education, which we would
expect to be correlated with both exposure risk and the severity conditional on exposure, can, on
their own, explain about 25% and 19% of the gap in excess mortality, respectively. Including all
of our variables together leaves about 60 percent of the mortality gap unaccounted for

Next, looking at the Black-White gap in economic damages, we find that industry and occu-
pation alone can each explain 20-26% of the gaps (Panel C). All together, differences in exposure
can account for 28% of the employment gap and even with all covariates included, more than half
of the Black-White gap in employment damages remains unexplained.

We then show the same results for Hispanic-White gaps in each outcome. Adjusting for age
again increases the estimated average annual mortality gap, from 5.0 per 10,000 to 5.7 per 10,000.
About 25 percent of this gap can be explained by our measures of exposure in Panel B and C; we can

explain approximately two-thirds of the gap when we include all observed covariates. For economic

26This mortality gap differs from that reported in Table C.4 because here we use ages 25-64
among the linked ACS-Numident dataset rather than ages 11-99 within the full Census Numident

data.
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damages, the age-adjusted gap is 2.2 per 100, and about 18 percent of that can be explained by our
measures of exposure. All of the covariates can together explain 47% of this gap; income appears
individually to be the most important (reducing the gap by 50%), but we note that some of this
relationship could be mechanical as for some individuals in CPS income is measured during the

time of the pandemic.
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C Appendix Exhibits

Figure C.1: Annual and Monthly Mortality, Ages 25-64

(A) Annual Mortality, 2011-2021 (B) Monthly Mortality, 2020-2021
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Notes: These figures show the annual (Panel A) and monthly (Panel B) number of observed and
predicted deaths per 10,000 people among working-age adults (ages 25-64) using the full Census
Numident dataset. A year is defined as 12 months from March to February. Panel (A) displays
estimates from March 2011 through February 2022 and Panel (B) displays estimates from January
2020 through February 2022. The dashed linear trend lines are estimated as specified in Equations 2
(Panel A) and 1 (Panel B). Dashed vertical lines in Panel (B) indicate the start of the first and second
year of the pandemic. The dashed ‘prediction’ series are constructed in Panel (A) as i, = & —i—B X t,
using the estimates from Equation 2; they are constructed in Panel (B) as §j,; = @, +/3 X t based on
the estimates from Equation 1. The 95% confidence interval for the prediction is shaded in gray and
is based on heteroskedasticity-robust standard errors. Source: Authors’ calculations from Census
Numident. All results were approved for release by the Census Bureau, auth. no. CBDRB-FY22-
POP001-0104, CBDRB-FY22-POP001-0117, CBDRB-FY23-POP001-0001.
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Figure C.3: Age-Adjusted Economic Damages by Income
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Notes: This graph plots average annual (averaged across two pandemic years) age-adjusted eco-
nomic damages (among 25- to 64-year-olds) by family income. Lines show the heteroskedasticity-
robust 95 percent confidence intervals for each income group, using CPS survey weights. Damages
are estimated as specified in Equation 3. We use the age distribution in the full sample as the bench-
mark for age-adjustment. Source: Authors’ calculations from Current Population Survey.
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Table C.2: Health and Economic Damages by Age Group

(1) (2) (3) (4) (5) (6)
Age Group Annual Annual (SE) Annual Predicted (SE)
Excess Predicted Economic Employment
Mortality Mortality Damage (per  (per 100)
(per 10,000) (per 10,000) 100)

10-19 0.80 3.89 (0.05) . . .
20-29 2.37 11.38 (0.09) 6.73 74.65 (0.22)
30-39 4.67 15.92 (0.11) 4.72 81.42 (0.19)
40-49 9.51 24.43 (0.15) 4.33 81.43 (0.20)
50-59 15.37 54.25 (0.28) 3.13 74.25 (0.21)
60-69 27.57 125.05 (0.56) 2.64 45.98 (0.25)
70-79 57.15 280.70 (1.15) . . .
80-89 108.10 773.50 (3.07)

90-99 210.95 1874.50 (7.20)

Notes: This table reports average unadjusted annual (averaged across two pandemic years) excess
all-cause mortality and average unadjusted annual economic damages, by age group. Damages
are estimated as specified in Equation 3, omitting the age bin adjustment terms. We also report
predicted levels of all-cause mortality and employment-to-population ratio based on the histori-
cal linear trend. The damages measure the deviation of observed outcomes relative to the linear
trend-based prediction. Heteroskedasticity-robust standard errors are shown in parentheses, using
CPS survey weights for employment damage. The mortality results use the full Numident dataset.
Source: Authors’ calculations from Census Numident and Current Population Survey. All re-
sults were approved for release by the Census Bureau, auth. no. CBDRB-FY22-POP001-0104,

CBDRB-FY22-POP001-0117, CBDRB-FY23-POP001-0001.
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Table C.3: Annual Predictions by Race/Ethnicity and Education

(1) 2)
Group Predicted Annual Predicted Employment
Mortality
(per 10,000) (per 100)
Panel A: Race/Ethnicity
Non-Hispanic White 123.65 77.89
Hispanic 53.85 76.41
Non-Hispanic Black 96.40 73.57
Non-Hispanic Asian 55.55 76.12
Non-Hispanic American Indian/Alaskan 111.90 64.05
Non-Hispanic Hawaiian/Pacific Islander 71.85 76.20
Other/Two or More 56.95 77.54
Panel B: Education
Less than HS 258.05 59.64
HS or GED 181.40 70.98
Some college 112.30 75.23
Associate’s degree 83.50 79.55
Bachelor’s degree 74.55 83.18
Master’s degree 79.65 85.63
Professional degree 91.15 87.29
Doctorate degree 105.15 90.42

Notes: This table reports predictions of unadjusted average annual (averaged across two pandemic
years) all-cause mortality (ages 11-99 for race/ethnicity and ages 25-99 for education) and unad-
justed average annual economic damage (ages 25-64 for all groups) by race/ethnicity and edu-
cational attainment. Predictions are computed based on Equation 3, omitting the age bin adjust-
ment terms. Heteroskedasticity-robust standard errors are shown in parentheses, using CPS survey
weights for employment damage and ACS person-level weights for mortality damage by educa-
tion. All race/ethnicity groups other than “Hispanic” are limited to Non-Hispanic individuals. The
mortality predictions by race/ethnicity use the full Numident dataset and the mortality predictions
by education use the ACS-Numident linked dataset. Source: Authors’ calculations from Census
Numident, 2010 Decennial Census, 2010 Census Modeled Race File, the 1-Year American Com-
munity Survey, and Current Population Survey. All results were approved for release by the Census
Bureau, auth. no. CBDRB-FY22-POP001-0104, CBDRB-FY22-POP001-0117, CBDRB-FY23-
POP001-0001.
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Table C.4: Annual Health and Economic Damages by Race/Ethnicity

(1) 2 3) “

Group Annual (SE) Annual (SE)

Excess Economic

Mortality Damage

(per 10,000) (per 100)
Non-Hispanic White 16.43 (0.18) 3.51 (0.12)
Hispanic 34.33 (0.54) 5.70 (0.26)
Non-Hispanic Black 37.15 (0.48) 6.45 (0.33)
Non-Hispanic Asian 17.45 (0.95) 3.18 (0.42)
Non-Hispanic American Indian/Alaskan 41.20 (1.04) 2.48 (1.24)
Non-Hispanic Hawaiian/Pacific Islander 27.96 (1.72) 3.82 (1.71)
Other/Two or More 23.25 (1.04) 6.15 (0.95)

Notes: This table reports average annual (averaged across two pandemic years) age-adjusted ex-
cess all-cause mortality (among 11- to 99-year-olds) and average annual age-adjusted economic
damages (among 25- to 64-year-olds) by race/ethnicity. Damages are estimated as specified in
Equation 3. We use the age distribution in the full sample as the benchmark for age adjustment.
All race/ethnicity groups other than “Hispanic” are limited to Non-Hispanic individuals. The dam-
ages measure the deviation of observed outcomes relative to the linear trend-based prediction.
Heteroskedasticity-robust standard errors are shown in parentheses, using CPS survey weights for
economic damages. The mortality results use the full Numident dataset. Source: Authors’ cal-
culations from Census Numident, 2010 Decennial Census, 2010 Census Modeled Race File, and
Current Population Survey. All results were approved for release by the Census Bureau, auth. no.

CBDRB-FY22-POP001-0104, CBDRB-FY22-POP001-0117, CBDRB-FY23-POP001-0001.
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Table C.5: Annual Health and Economic Damages by Education

() (2) A3) 4 (5) (6)

Group Annual (SE) Population Annual (SE) Population

Excess Share, Economic Share,

Mortality Ages 25-99 Damage Ages 25-64
(per (per 100)

10,000)
Less than HS 57.20 (1.63) 12.57 5.50 (0.40) 11.44
HS or GED 27.26 (1.54) 27.14 5.45 (0.21) 25.87
Some college 17.89 (1.47) 20.59 5.22 (0.27) 20.95
Associate’s degree 14.98 (1.66) 8.37 4.54 (0.30) 9.07
Bachelor’s degree 11.90 (1.40) 19.38 3.25 (0.19) 20.75
Master’s degree 7.22 (1.61) 8.52 1.50 (0.27) 8.63
Professional degree 7.46 (2.56) 2.07 0.68 (0.67) 2.03
Doctorate degree 8.67 (3.17) 1.36 1.71 (0.53) 1.27

Notes: This table reports average annual (averaged across two pandemic years) age-adjusted excess
all-cause mortality (among 25- to 99-year-olds) and average annual age-adjusted economic dam-
ages (among 25- to 64-year-olds) by educational attainment. Damages are estimated as specified
in Equation 3. We use the age distribution in the full sample as the benchmark for age adjustment.
The damages measure the deviation of observed outcomes relative to the linear trend-based predic-
tion. Heteroskedasticity-robust standard errors are shown in parentheses, using ACS person-level
weights for health damages and CPS survey weights for economic damages. The mortality results
use the ACS-Numident linked dataset. Columns (3) and (6) show the shares of the population in
the indicated age group in the 2016 IPUMS ACS with the given educational attainment, using rele-
vant person weights. Source: Authors’ calculations from Census Numident, the 1-Year American
Community Survey, and Current Population Survey. All results were approved for release by the
Census Bureau, auth. no. CBDRB-FY22-POP001-0104, CBDRB-FY22-POP001-0117, CBDRB-
FY23-POP001-0001.
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Table C.6: Annual Age-Adjusted Health and Economic Damages by Industry

(1) (2) 3) 4
Industry Annual (SE) Annual (SE)
Excess Economic
Mortality (per Damage (per
10,000) 100)
Administration, support 11.67 (1.85) 7.19 (0.38)
Mining, quarry, oil, gas 10.80 (3.47) 8.03 (0.98)
Retail trade 9.34 (1.50) 4.66 (0.22)
Accommodations and food 8.97 (1.64) 13.52 (0.38)
Forestry, fishing 8.94 (5.16) 2.65 (1.47)
Transportation, warehousing 8.90 (1.84) 6.86 (0.31)
Arts, entertainment, recreation 8.61 (1.98) 19.93 (0.51)
Utilities 8.55 (2.65) 1.17 (0.45)
Manufacturing 8.32 (1.50) 4.23 (0.19)
Wholesale trade 7.61 (1.91) 3.13 (0.38)
Healthcare, social assistance 7.52 (1.43) 2.93 (0.15)
Other services 7.29 (1.69) 6.60 (0.31)
Public administration 7.09 (1.62) 1.50 (0.20)
Agriculture 7.00 (1.88) 0.93 (0.62)
Finance, insurance 6.75 (1.55) 2.17 (0.21)
Construction 5.89 (1.69) 6.80 (0.25)
Education 5.67 (1.43) 2.58 (0.17)
Information 5.01 (1.85) 4.33 (0.46)
Real estate, rental, leasing 4.69 (2.10) 4.25 (0.41)
Professional, scientific, technical 4.01 (1.47) 2.97 (0.18)
Company management -5.30 (4.65) 0.64 (1.93)

Notes: This table reports average annual (averaged across two pandemic years) age-adjusted excess
all-cause mortality (among 25- to 64-year-olds) and average annual age-adjusted excess economic
damage (among 25- to 64-year-olds), by industry. Damages are estimated as specified in Equation
3. We use the age distribution in the full sample as the benchmark for age adjustment. Results are
presented in descending order by annual excess mortality. The damages measure the deviation of
observed outcomes relative to the linear trend-based prediction. Heteroskedasticity-robust standard
errors are shown in parentheses, using ACS person-level weights for health damages and CPS
survey weights for economic damages. The mortality results use the ACS-Numident linked dataset.
Source: Authors’ calculations from Census Numident, the 1-Year American Community Survey,
and Current Population Survey. All results were approved for release by the Census Bureau, auth.
no. CBDRB-FY22-POP001-0104, CBDRB-FY22-POP001-0117, CBDRB-FY23-POP001-0001.

A23



Table C.7: Annual Age-Adjusted Health and Economic Damages by by Occupation and Work-
from-Home (WFH) Status

1) (2) 3) 4)
Group Annual (SE) Annual (SE)
Excess Economic
Mortality Damage
(per 10,000) (per 100)

Panel A: Occupation

Building, grounds cleaning, maintenance 13.30 (1.60) 7.12 (0.39)
Installation, maintenance, repair 10.33 (0.92) 3.92 (0.32)
Material moving 9.82 (1.74) 7.41 (0.29)
Farming, fishing, forestry 9.78 (3.34) 2.81 (0.95)
Transportation 9.63 (1.55) 5.79 (0.29)
Protective service 9.13 (1.55) 3.08 (0.38)
Food prep and service 8.67 (1.18) 13.37 (0.44)
Personal care and service 7.70 (1.19) 9.64 (0.47)
Community and social service 7.00 (1.47) 2.13 (0.36)
Healthcare support 6.67 (1.35) 5.66 (0.40)
Sales and retail 6.26 (0.76) 4.74 (0.22)
Construction, extraction 5.04 (1.29) 7.76 (0.31)
Business, financial 491 (0.84) 2.67 (0.22)
Art, design, entertainment, media 4.77 (1.26) 6.99 (0.46)
Office and admin support 4.52 (0.66) 4.93 (0.20)
Life, physical, social science 4.46 (1.71) 2.33 (0.50)
Legal 3.94 (1.58) 1.86 (0.40)
Healthcare practice and tech 3.76 (0.75) 1.85 (0.16)
Education, library 3.49 (0.70) 2.86 (0.21)
Management 3.34 (0.49) 2.68 (0.13)
Computer, mathematical 2.80 (1.05) 1.32 (0.24)
Architecture, engineering 1.25 (1.32) 2.49 (0.31)
Panel B: WFH Status

Non-work from home 9.58 (0.27) 4.88 (0.14)
Work from home 5.61 (0.34) 3.18 (0.08)

Notes: This table reports average annual (averaged across two pandemic years) age-adjusted excess
all-cause mortality (among 25- to 64-year-olds) and average annual age-adjusted excess economic
damage (among 25- to 64-year-olds), by occupation and work-from-home (WFH) status. Dam-
ages are estimated as specified in Equation 3. We use the age distribution in the full sample as the
benchmark for age adjustment. Results are presented in descending order by annual excess mor-
tality. The damages measure the deviation of observed outcomes relative to the linear trend-based
prediction. Heteroskedasticity-robust standard errors are shown in parentheses, using ACS person-
level weights for health damages and CPS survey weights for economic damages. The mortality
results use the ACS-Numident linked dataset. Source: Authors’ calculations from Census Numi-
dent, the 1-Year American Community Survey, and Current Population Survey. All results were
approved for release by the Census Bureau, %FE4 no. CBDRB-FY22-POP001-0104, CBDRB-
FY22-POP001-0117, CBDRB-FY23-POP001-0001.



Table C.8: Age-Adjusted Health Damages by Income

(1) (2) (3) 4) (5) (6)

Poverty Index Bin  Annual (SE) Annual (SE) Lower Approximate

Excess Excess Income Annual

Mortality, Mortality, Percentile Income for
2020 (per 2021 (per Family of

10,000) 10,000) Three, 2019
049 17.24 (1.53) 27.58 (1.70) 2.08 $0
50-99 17.57 (1.44) 29.29 (1.62) 5.25 $10168
100-149 12.96 (1.17) 2091 (1.29) 11.85 $20335
150-199 12.06 (0.98) 17.40 (1.07) 19.21 $30503
200-249 8.35 (0.87) 15.61 (0.96) 26.97 $40670
250-299 8.30 (0.84) 13.51 (0.93) 35.15 $50838
300-349 6.74 (0.80) 12.28 (0.88) 42.53 $61005
350-399 6.01 (0.80) 9.66 (0.87) 49.74 $71173
400-449 5.49 (0.80) 9.49 (0.88) 56.02 $81340
450-499 5.72 (0.83) 10.35 (0.91) 62.27 $91508
500-549 4.70 (0.87) 8.05 (0.95) 67.44 $101675
550-599 4.21 (0.93) 7.22 (1.01) $111843
600-649 3.66 (0.97) 6.26 (1.05) $122010
650-699 5.14 (1.07) 6.96 (1.14) $132178
700-749 5.22 (1.16) 3.84 (1.20) $142345
750-799 1.57 (1.19) 3.82 (1.29) $152513
800-849 1.56 (1.26) 3.19 (1.36) $162680
850-899 2.28 (1.40) 2.76 (1.48) $172848
900-949 -0.16 (1.47) 5.44 (1.66) $183015
950-998 4.15 (1.70) 3.44 (1.77) $193193
999 or Higher 0.51 (0.55) 1.21 (0.59) $203147

Notes: This table reports annual age-adjusted excess all-cause mortality (among 25- to 64-year-
olds) by family income, separately for pandemic years 2020 (March 2020 - February 2021) and
2021 (March 2021 - February 2022). Our income measure is the ratio of a family’s income
to the poverty threshold, multiplied by 100, as reported in the ACS. Damages are estimated as
specified in Equation 3. We use the age distribution in the full sample in the ACS-Numident
linked dataset as the benchmark for age adjustment. Heteroskedasticity-robust standard errors are
shown in parentheses, using ACS person-level weights for health damages. Column (5) shows
the share of 25- to 64-year-olds in the 2016 IPUMS ACS with a family income value at or
below the lower limit of the indicated poverty index bin, using relevant person weights. Per-
centiles are not shown above the poverty index bin beginning at 500 due to top-coding in the
public ACS data. Column (6) shows the approximate annual income for a family of three in
2019 associated with the lower limit of the indicated poverty index bin, using poverty thresh-
olds available from the Census Bureau at: https://www.census.gov/data/tables/time-series/demo/
income-poverty/historical-poverty-thresholds.html. Source: Authors’ calculations from Census
Numident and the 1-Year American Community Survey. All results were approved for release
by the Census Bureau, auth. no. CBDRB-FY22-POP001-0104, CBDRB-FY22-POP001-0117,

CBDRB-FY23-POP001-0001.
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Table C.9: Age-Adjusted Health and Economic Damages by Disability

1) (2) A3) 4
Group Annual Excess (SE) Annual Economic (SE)
Mortality (per Damage (per 100)
10,000)
Not Disabled 8.48 (0.87) 4.55 (0.10)
Disabled 22.25 (1.19) 0.93 (0.38)

Notes: This table reports average annual (averaged across two pandemic years) age-adjusted excess
all-cause mortality (among 25- to 64-year-olds) and average annual age-adjusted excess economic
damages (among 25- to 64-year-olds), by disability status. For economic damages, disability is
defined from the CPS as having any physical or cognitive difficulty (measured as a combination
of having responded ‘yes’ to at least one of the six physical or cognitive difficulties in the CPS).
For health damages, disability is defined from the ACS as responding “yes” to at least one of the
following: having hearing difficulties, vision difficulties, self-care difficulties, independent living
difficulties, ambulatory difficulties, or cognitive difficulties. Damages are estimated as specified
in Equation 3. We use the age distribution in the full sample as the benchmark for age adjust-
ment. The damages measure the deviation of observed outcomes relative to the linear trend-based
prediction. Heteroskedasticity-robust standard errors are shown in parentheses, using ACS person-
level weights for health damages and CPS survey weights for economic damages. The mortality
results use the ACS-Numident linked dataset. Source: Authors’ calculations from Census Numi-
dent, the 1-Year American Community Survey, and Current Population Survey. All results were
approved for release by the Census Bureau, auth. no. CBDRB-FY22-POP001-0104, CBDRB-
FY22-POP001-0117, CBDRB-FY23-POP001-0001.
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