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ABSTRACT This study exam ines the sociodemographic divide in early labor mar ket 
responses to the U.S. COVID-19 epi demic and asso ci ated pol i cies, benchmarked 
against two pre vi ous reces sions. Monthly Current Population Survey (CPS) data 
show greater declines in employ ment in April and May 2020 (rel a tive to Feb ru ary) for 
 His panic indi vid u als, youn ger work ers, and those with a high school diploma or some 
col lege. Between April and May, the demo graphic sub groups con sid ered regained 
some employ ment. Reemployment in May was broadly pro por tional to the employ-
ment drop that occurred through April, except for Black indi vid u als, who expe ri enced 
a smaller rebound. Compared to the 2001 reces sion and the Great Recession, employ-
ment losses in the early COVID-19 reces sion were smaller for groups with low or 
high (vs. medium) edu ca tion. We show that job loss was greater in occu pa tions that 
require more inter per sonal con tact and that can not be performed remotely, and that 
pre-COVID-19 sorting of work ers into occu pa tions and indus tries along demo graphic 
lines can explain a siz able por tion of the demo graphic gaps in new unem ploy ment. 
For exam ple, while women suf fered more job losses than men, their dis pro por tion ate 
pre-epi demic sorting into occu pa tions com pat i ble with remote work shielded them 
from even larger employ ment losses. However, sub stan tial gaps in employ ment losses 
across groups can not be explained by socio eco nomic dif fer ences. We con sider pol icy 
les sons and future research needs regard ing the early labor mar ket impli ca tions of the 
COVID-19 cri sis.

KEYWORDS  Stratification  •  Economic  reces sion  •  Job  loss  •  Discrimination  •  
Work fea tures decom po si tion

Introduction

The COVID-19 pan demic intro duced new risks into eco nomic, social, famil ial, and 
cul tural activ i ties that are oth er wise com mon place, lead ing to dis rup tions that levied 
dis pa rate impacts across demo graphic and socio eco nomic groups. Job char ac ter is tics 
have emerged as par tic u larly impor tant mod er a tors. For exam ple, employ ment losses 
have been greater among peo ple in jobs that involve face-to-face con tact, and fewer 
losses occurred in jobs that can be performed remotely or are in essen tial indus tries. 
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On the labor sup ply side, the COVID-19 trans mis sion mech a nism also raises the 
health risks of work tasks that require face-to-face con tact with cus tom ers or cowork-
ers, with risk vary ing along indi vid ual char ac ter is tics (Guerrieri et al. 2020). Labor 
sup ply might decline through other chan nels as well. For exam ple, peo ple’s abil ity 
and will ing ness to work may have declined because the epi demic has com pro mised 
childcare ser vices, school ing options, and other types of home and fam ily health care 
avail abil ity (Dingel et al. 2020).

This study focuses on the labor mar ket dis rup tions and job losses dur ing the early 
months of the COVID-19 reces sion in the United States. We doc u ment sub stan tial 
disparities in early epi demic unem ploy ment pat terns across demo graphic sub pop u-
la tions defined by age, gen der, race and eth nic ity, mar i tal sta tus, paren tal sta tus, and 
edu ca tion. We develop sim ple mea sures of job attri butes that may be rel e vant to the 
epi demic and show that these mea sures are asso ci ated with employ ment dis rup tions. 
Specifically, peo ple work ing in jobs with more remote work capac ity and less depen
dence on face-to-face inter ac tion were more secure. Similarly, peo ple work ing in 
essen tial indus tries were much less likely to become unem ployed in the early months 
of the epi demic. In gen eral, major demo graphic sub pop u la tions are not evenly dis-
trib uted across occu pa tions and indus tries, and these dif fer ences are an impor tant 
rea son why some demo graphic groups have fared bet ter than oth ers.

We use decom po si tion tech niques to quan tify the share of employ ment disparities 
that is rooted in pre-epi demic sorting across occu pa tions and indus tries. Such sort-
ing explains a sub stan tial share of many of the disparities in employ ment out comes. 
Further, some of the job and indus try fac tors that protected jobs dur ing the early 
months of the epi demic are often asso ci ated with higher income and job secu rity in 
nor mal times. This sug gests that the epi demic aggra vated many existing disparities. 
Our research com ple ments prior work focused on inequal ity and the mech a nisms 
that con trib ute to the per sis tence of disparities. Research on social strat i fi ca tion takes 
on “under stand ing and inves ti gat ing the sources” of social inequal ity (Sakamoto 
and Powers 2005) through the study of pop u la tion com po si tion. Our arti cle exam-
ines  the  dis tri bu tion  of  job  losses  dur ing  the  early  epi demic  in  a  social  strat i fi ca
tion frame work that exploits pop u la tion sub groups sorting across dif fer ent jobs. We 
use infor ma tion on how sub groups allo cate them selves in dif fer ent occu pa tions and 
indus tries to explain the labor mar ket shocks they expe ri ence dur ing COVID-19 and 
the changes in inequal ity dynam ics they will expe ri ence as a con se quence.

We pres ent four broad ana ly ses to inves ti gate dis pa rate impacts in labor mar kets. 
First, we use data from the monthly Current Population Survey (CPS) to doc u ment 
and com pare disparities in early COVID19 era unem ploy ment across groups. We find 
large declines in employ ment and increases in new unem ploy ment among women, 
His pan ics, and youn ger work ers. There is also polar i za tion by edu ca tion, with fewer 
job losses among col lege grad u ates (and those with more edu ca tion), who can often 
work remotely, and high school drop outs, who tend to be in essen tial jobs. Hence, 
while both groups are some what shielded from job loss, highly edu cated work ers 
are insu lated from infec tion, while less edu cated work ers likely face greater expo-
sure, con sis tent with find ings of Angelucci et al. (2020). We con trast these changes 
in employ ment losses with those dur ing the Great Recession and the 2001 recession.

Second, we explore disparities in COVID-19 job losses across occu pa tions and 
indus tries.  We  use  O*NET  data  to  develop  indi ces  of  the  extent  to  which  each 
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829Determinants of Disparities in Early COVID-19 Job Losses

 occu pa tion allows remote work and requires face-to-face inter ac tion.1 Employment 
declined more in occu pa tions requir ing greater face-to-face inter ac tions. Workers in 
jobs that could be performed remotely were less likely to expe ri ence new unem ploy-
ment com pared with his tor i cal trends. We fur ther clas sify jobs as essen tial based 
on the “Guidance on the essen tial crit i cal infra struc ture work force” issued by the 
U.S. Department of Homeland Security (2020) using the inter pre ta tion in Blau et al. 
(2020). We show that work ers in essen tial jobs were less likely to lose a job in the 
early epi demic and were less likely to have been absent from work. All these pat terns 
are stron ger in April than in May.

Third, we assess the impor tance of car ing for depen dents as a fac tor in labor sup-
ply, esti mat ing changes in employ ment and work absence for par ents and for moth-
ers. Relative to their expe ri ence in Feb ru ary, women were more likely to be absent 
from work in March 2020 (at four times the rate of March 2019) and be unem ployed 
in April and May. Women with young chil dren expe ri enced par tic u larly high rates of 
absence from work, which is concerning given the wide spread clo sures of schools and 
childcare and the gen dered nature of depen dent care (Goldin 2022). Moreover, sin gle 
par ents, who are dis pro por tion ately female, were more likely to have lost jobs. Sim-
ilarly, Alon et al. (2020) found that social-dis tanc ing pol i cies have a larger effect on 
women than men, unlike in a more “typ i cal” reces sion; Albanesi and Kim (2021) also 
found a siz able decline in labor force par tic i pa tion and in employ ment for women, 
unlike in pre vi ous reces sions. Alon et al. (2020) and Albanesi and Kim (2021) sug-
gest that the impact of the epi demic on work ing moth ers could be per sis tent.

Our fourth con tri bu tion is to mea sure whether dif fer ences in job losses across demo-
graphic groups were due to pre-epi demic sorting across occu pa tions and indus tries. 
We do so using a Oaxaca–Blinder decom po si tion, which allows us to simul ta neously 
con trol for pre-pan demic socio eco nomic traits asso ci ated with labor mar ket oppor-
tu ni ties and behav ior. We show that a sig nifi  cant share of dif fer ences in employ ment 
loss across demo graphic groups is explained by dif fer ences in pre-epi demic sorting 
across occu pa tions. However, for most groups, we also find that a nonnegligible share 
of the dif fer ence in job loss remains unex plained by either occu pa tion sorting or other 
observ able traits, in keep ing with Busch (2020). Strikingly, we find that the Black–
White gap in new unem ploy ment grew between April and May 2020, at a time when 
one might have nat u rally expected it to decline. The pres ence of a large unex plained 
gap sug gests that disparities in job loss in the pan demic are not reduc ible to dif fer ences 
in job char ac ter is tics and could pos si bly reflect dis pa rate treat ment by employers.

Related Research

The epi demic greatly reduced social and eco nomic activ ity in 2020, with large sec tors 
of the econ omy—transportation, hos pi tal ity, and tour ism—essen tially shut ting down 
their nor mal oper a tions between Feb ru ary and April, as state gov ern ments implemented 
a range of social-dis tanc ing man dates (Bartik et al. 2020; Coibion et al. 2020; Goolsbee 

1  Others have used O*NET to define occu pa tions with the abil ity to work from home (Dingel and Neiman 
2020; Mongey and Weinberg 2020) and high inter per sonal con tact (Leibovici et al. 2020).
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and Syverson 2020; Gupta et al. 2020). In May, both the pub lic and pri vate sec tors 
began to take steps to reopen some eco nomic activ i ties. Mobility mea sured using cell 
sig nals declined in all  states, but was larger in those with early and infor ma tion-focused 
pol i cies (Gupta et al. 2020). The his tor i cally unprec e dented increase in ini tial unem-
ploy ment claims in March 2020 was largely across-the-board, in all  states regard less 
of local epi de mi o log i cal con di tions or pol icy responses (Lozano-Rojas et al. 2020). 
 Forsythe et al. (2020) showed a large drop in job vacancy post ings as an indi ca tor of 
labor demand across states regard less of state pol i cies or infec tion rates. Adams-Prassl 
et al. (2020) and Dasgupta and Murali (2020) stud ied disparities in labor mar ket impacts 
in other countries and found that the abil ity to work remotely shielded some work ers 
from job loss. There is mount ing evi dence that lay off sta tis tics may severely under es ti-
mate the extent of labor mar ket adjust ments. Coibion et al. (2020) esti mated that unem-
ploy ment greatly exceeded the level of unem ploy ment insur ance claims in early April.

A  large  lit er a ture  illus trates  how  existing  pat terns  of  social  strat i fi ca tion  shape 
socio eco nomic out comes dur ing cri ses. Dudel and Myrskylä (2017), Cheng et al. 
(2019), and Killewald and Zhuo (2019) found disparities in occu pa tional wage gaps 
and other labor mar ket out comes on the basis of age, gen der, and eth nic ity in both 
the United States and abroad. Dudel and Myrskylä (2017) showed that the Great 
Recession short ened the life expec tancy of older work ers, espe cially of White men. 
Zissimopoulos and Karoly (2010) exam ined the short-term and lon ger term effects 
of Hurricane Katrina on labor mar ket out comes by sub group of evac u ees. Beyond 
labor  mar ket  out comes,  large  eco nomic  and  social  events  also  influ ence  fer til ity 
(Grossman and Slusky 2019; Seltzer 2019), mar riage (Schneider and Hastings 2015), 
migra tion (Sastry and Gregory 2014), and chil dren’s well-being (Cools et al. 2017; 
Schenck-Fontaine and Panico 2019). Given the pecu li ar i ties of the COVID-19 eco-
nomic cri sis, it is impor tant to under stand which pop u la tion strata were most affected, 
why, and how these effects may lead to lon ger term disparities in well-being.

Data

Current Population Survey

Our main anal y sis uses data from the Basic Monthly CPS from Feb ru ary to May 
2020. The ana lytic sam ple used in all  regres sions con sists of all  labor force par tic i-
pants aged 18–65 with com plete infor ma tion on gen der, chil dren under six years old, 
race and eth nic ity, edu ca tion, state, met ro pol i tan res i dence, recent unem ploy ment 
sta tus, occu pa tion and indus try codes, and CPS sam ple weight. To focus on job losses 
related to the epi demic, we use a mea sure of recent (new) unem ploy ment, which defi
nes a worker as recently unem ployed if they are coded as being unem ployed in the 
focal week of the sur vey month and have been in that sta tus for at most five weeks as 
of March 2020, 10 weeks in April 2020, and 14 weeks in May 2020.2

Focusing on recent unem ploy ment allows us to study new job losses using only 
cross-sec tional mod els. To ver ify that recent unem ploy ment does indeed track job 
loss, we checked that the mea sure behaves like the change in employ ment rate. That 

2 These sur veys use a ref er ence week that includes the 12th of the month (U.S. Census Bureau 2019).
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is, we check whether the inci dence of recent unem ploy ment across demo graphic 
groups in April and in May tracks month-over-month changes from Feb ru ary to April 
and from Feb ru ary to May, respec tively, in the employ ment-to-pop u la tion ratio. 
Evidence reported  in panel A of  the online appen dix Figure A2.1 com pares recent 
unem ploy ment in April 2020 with the Feb ru ary-to-April change in employ ment rates 
by sub pop u la tion; panel B shows the com par i son for Feb ru ary and May. Our recent 
unem ploy ment mea sure behaves like the change in the employ ment rate.

The CPS defi nes as “absent from job” all  work ers who were “tem po rar ily absent 
from their reg u lar jobs because of ill ness, vaca tion, bad weather, labor dis pute, or 
var i ous per sonal rea sons, whether or not they were paid for the time off” (U.S. Cen-
sus Bureau 2019). There was a mas sive increase in the share of work ers coded as 
employed-but-absent from work between Feb ru ary and April, as well as in May. 
During the epi demic, these employed-but-absent work ers deserve par tic u lar atten-
tion as some furloughed employ ees might have been recorded as short-term absent 
instead of unem ployed, among other rea sons. Therefore, we per form most of our 
anal y sis sep a rately on mea sures of recent unem ploy ment and employed-but-absent.

Further details on our recent unem ploy ment var i able, the defi  ni tion of the anal y sis 
sam ple, and the employed-but-absent cat e gory dur ing April and May 2020 are in the 
online Appendix A.1.

O*NET

We also use data from the 2019 Occupational Information Network (O*NET) Work 
Context mod ule, which reports sum mary mea sures of the tasks used in 968 occu-
pa tions (National Center  for O*NET Development 2020). These data are gath ered 
through sur veys ask ing work ers how often they per form par tic u lar tasks and about 
the impor tance of dif fer ent activ i ties in their jobs. Some of the ques tions relate to the 
need for face-to-face inter ac tion with cli ents, cus tom ers, and cowork ers, and other 
ques tions assess how eas ily work could be done remotely. For details on how this 
infor ma tion is col lected in O*NET, refer to the online Appendix A.3. We use such 
ques tions to build two occu pa tion indi ces: Face-to-Face (ques tions on face-to-face 
dis cus sions and phys i cal prox im ity) and Remote Work (ques tions on use of elec tronic 
mail, writ ten let ters, and phone con ver sa tion).3

It  is  impor tant  to note  that  these occu pa tional char ac ter is tics  in  the O*NET are 
mea sured prior to the epi demic. This means that they do not cap ture “work prac tice 
inno va tions” that may have been induced by the epi demic, such as the fact that many 
teach ers and pro fes sors transitioned from face-to-face to online instruc tion dur ing the 
epi demic. To check how well our two indi ces per form, we rank the occu pa tions by 
their cor re spond ing indi ces and cre ate a list of the top and bot tom 5% Face-to-Face 
and Remote Work occu pa tions. We real ize that, unsur pris ingly, most of the top 5% 
Face-to-Face occu pa tions are in the med i cal sec tor, which may be affected dif fer ently 
dur ing the epi demic. Hence, we also show a list of the top non med i cal occu pa tions. 
The  rank ings  (reported  in online appen dix Tables A4.2 and A4.3  for FacetoFace 

3  The com plete list of the spe cific ques tions used to build each of the two indexes is in the online appen dix 
Table A4.1.
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and Remote Work, respec tively) are reassuring, indi cat ing that these indi ces mea sure 
what we expected.

We also com pare our Remote Work and Face-to-Face indi ces with Dingel and 
 Neiman’s (2020) Teleworkability clas si fi ca tion, which might be viewed as an alter na tive 
to our Remote Work index. The cor re la tion between our indi ces is only .03, suggesting 
that they cap ture dif fer ent fea tures of an occu pa tion. The cor re la tion between the Face- 
to-Face index and Dingel and Neiman’s (2020) Teleworkability var i able is –.36. The 
occu pa tions that score high in our Face-to-Face index tend to rank low in  Teleworkability. 
Finally, the cor re la tion between our Remote Work index and the  Teleworkability var i-
able is .51, suggesting that the two mea sures are indeed broadly sim i lar.

Homeland Security Data on Essential Work

The U.S. Department of Homeland Security (DHS) issued guid ance that describes 
14 essen tial crit i cal infra struc ture sec tors dur ing the COVID-19 epi demic.4 We fol-
low Blau et al.’s (2020)  defi  ni tion  of  essen tial  indus tries, which matches  the  text 
descrip tions to the NAICS 2017 fourdigit indus try clas si fi ca tion from the U.S. Cen-
sus Bureau5  and  to  the CPS  indus try  clas si fi ca tion  sys tem. From  the 287  indus try 
categories at the fourdigit level, 194 are iden ti fied as essen tial in 17 out of 20 NAICS 
sec tors. Online appen dix Table A4.4 gives an abbre vi ated list of essen tial indus tries 
to clar ify the clas si fi ca tion scheme.

Employment Disruptions in Three Recessions

Figures 1 and 2 show the change in employ ment for the COVID-19 reces sion com-
pared with the peak-to-trough change in employ ment for the 2001 reces sion (March 
2001 to Novem ber 2001) and the Great Recession (Decem ber 2007 to June 2009). 
We sea son ally adjust the change in employ ment for the two ear lier reces sions using 
cal en dar month fixed effects from Jan u ary 2015 to Decem ber 2019. For COVID19, 
we focus on two time peri ods that cover the ini tial “clos ing” phase of the pan demic 
(i.e., from Feb ru ary to April) and also a lon ger period (i.e., from Feb ru ary to May) 
that adds the ensu ing “reopening” phase. All esti ma tes use CPS sam pling weights.

The  light blue and  light green bars  in  the fig ures show  that employ ment  losses 
dur ing the first months of the COVID19 epi demic dwarfed the declines for the other 
two reces sions, which spanned nine and 19 months, respec tively. This was true even 
after the COVID-19 reopening phase, dur ing which employ ment rebounded sub stan-
tially. The size and speed of the COVID-19 reces sion are reinforced in online appen-
dix Figure A5.1, which shows sea son ally adjusted non farm employ ment from March 
2000 and May 2020. The bars in Figure 1 show the change in the employ ment rate 
for  sub pop u la tions defined by gen der,  hav ing young chil dren,  race,  eth nic ity,  age, 
and edu ca tion. Figure 2 shows employ ment changes by mar i tal and paren tal sta tus 

4 The list of crit i cal infra struc ture jobs is avail  able at https:  /  /www  .cisa  .gov  /.
5  The North Amer i can Industry Classification System is avail  able at https:  /  /www  .census  .gov  /.
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833Determinants of Disparities in Early COVID-19 Job Losses

interacted. Almost no group was spared from employ ment loss dur ing any of the three 
reces sions. However, the pat tern of employ ment dis rup tion is notice ably dif fer ent in 
the early months of the COVID-19 reces sion.

Young (aged 18–24) and His panic work ers fared the worst dur ing the COVID-19 
pan demic when com pared to older and non-His panic work ers and to the pre vi ous 
reces sions. Black indi vid u als also fared poorly, but by a smaller mar gin. Our con jec-
ture is that these groups dis pro por tion ately work in indus tries that are par tic u larly hit 
by social-dis tanc ing mea sures, such as food ser vice, per sonal care ser vices, or non-
es sen tial retail indus tries. Further, employ ment declined more for women than for 
men. Parents with their own chil dren under 18 liv ing in the house hold fared worse 
than those with out, while work ers with out young chil dren (under six) expe ri enced 
larger job losses than those with chil dren under six in their house hold. This trend is 
likely explained by dif fer ences in the impact of school clo sures on par ents’ job loss 
depending on their child’s age.

–0.20 –0.15 –0.10 –0.05 0.00

College or More
Some College

High School
Less Than High School

Aged 45+
Aged 35–44
Aged 25–34

Hispanic
Non-Hispanic

Black
White

Male & Young Children
Female & Young Children

Children
No Children

Young Children
No Young Children

Male
Female

2001 recession

COVID-19 (Feb.–Apr.)

Great Recession 

COVID-19 (Feb.–May)

Fig. 1  Employment change  in  three  recent  recessions: 2001  recession, Great Recession, and COVID19 
recession (April and May 2020), by demographic characteristics. The sample consists of CPS respondents 
aged 18–65. For each bar, we compute the difference in the percentage of the demographic group that 
reports being employed and at work, between the start and end months of each recession, and between 
preCOVID19 and during COVID19 (National Bureau of Economic Research 2012). For the COVID-19 
recession, we compare both April 2020 and May 2020 to February 2020. The estimates are weighted using 
the CPS composited final weights. We seasonally adjust the estimates, including monthly fixed effects, in the 
computation of the average subgroups’ employment change for the 2001 recession and the Great Recession.
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834 L. Montenovo et al.

Employment effects were polar ized by edu ca tion: employ ment declined less for 
high school drop outs and those with at least a col lege degree com pared with the inter-
me di ate edu ca tion groups. As we show later, highly edu cated work ers have bet ter 
options to work remotely, lim it ing in-per son inter ac tions; in con trast, less edu cated 
work ers are more likely to be in essen tial posi tions. While polar i za tion is con sis tent 
with recent trends in the labor mar ket, this kind of pat tern was not a fea ture of the two 
pre vi ous reces sions (Autor et al. 2006).6

Comparison of the decrease in employ ment between Feb ru ary and April (light 
blue) to that between Feb ru ary and May (light green) indi cates that there were gains 

6 We for mally check for polar i za tion in two ways. First, for each of the three reces sions, we cre ate a 
graph show ing the employ ment change for each of the four edu ca tion categories: less than high school, 
high school grad u ate, some col lege, and col lege grad u ate or more (on the x-axis, in increas ing order). We 
observe a very marked U shape across the edu ca tion groups dur ing the COVID reces sion, but not for the 
other two reces sions. Second, using a regres sion on data from the COVID-19 reces sion, we reject the 
hypoth e sis that work ers with less than a high school diploma and those with at least a col lege degree jointly 
expe ri ence a drop in employ ment equal to that of the inter me di ate edu ca tion groups. In other words, our p 
value (equal to 0) for the F test rejects the hypoth e sis of nonpolarization. Those with a col lege degree or 
more and those with less than a high school edu ca tion expe ri ence a drop in employ ment that is sta tis ti cally 
lower than the one suf fered by the inter me di ate edu ca tion groups.

–0.20 –0.15 –0.10 –0.05 0.00

Married & Child up to 13

Single & Child up to 13

Two-Parent Household

Single-Parent Household

Married

Single

2001 recession

COVID-19 (Feb.–Apr.)

Great Recession 

COVID-19 (Feb.–May)

Fig. 2  Employment change in three recent recessions: 2001 recession, Great Recession, and COVID19 
recession (April and May 2020), by marital and parental status interacted. See note in Figure 1.
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835Determinants of Disparities in Early COVID-19 Job Losses

in employ ment between April and May as states began reopening. The recov ery in 
employ ment that the groups expe ri enced between April and May was broadly pro-
por tional to the employ ment losses that occurred between Feb ru ary and April. Thus, 
the dis tri bu tional inci dence of job loss and recov ery was largely sym met ric, with the 
nota ble excep tion of Black work ers, who did not recover in May as much as would 
have been expected given their decline in employ ment in April.

Figure 2 shows that mar ried indi vid u als whose spouse was pres ent expe ri enced a 
smaller decrease in employ ment than sin gle indi vid u als (defined as those who were 
unmar ried or had an absent spouse), regard less of whether we com pare April or May 
to Feb ru ary. Single par ents, who are dis pro por tion ately female (72%), expe ri enced 
the larg est decrease in employ ment; when com par ing par ents of chil dren youn ger 
than 13 ver sus 18 years old, the age of chil dren was weakly related to the change in 
employ ment dur ing these months. In fact, sin gle par ents of chil dren youn ger than 
18 expe ri ence sim i lar job losses to sin gle par ents of chil dren under 13, and the same 
holds for two-par ent house holds. This could also be explained by the inter ac tion 
between childcare needs and school clo sure pat terns.

Overall, this anal y sis high lights that His panic indi vid u als, young work ers (aged 
18–24), and sin gle par ents were the most vul ner a ble work ers early in the epi demic 
and those most in need of pol icy atten tion.

Job Tasks and Recent Unemployment

Job Tasks and the Labor Market: Descriptive Analysis

Figure 3 shows the mean of the Remote Work and Face-to-Face indi ces across sub-
pop u la tions in the Feb ru ary 2020 CPS, pro vid ing insight into pre-epi demic worker 
sorting across occu pa tions. Compared with men, women tended to work in jobs that 
both allow more remote work and involve more face-to-face activ i ties. His panic indi-
vid u als dis pro por tion ately worked in jobs that largely can not be conducted remotely. 
Younger work ers were in jobs with fewer remote work pros pects and more face-
to-face inter ac tion, although the dif fer en tials are not as large. Remote work scores 
increased sub stan tially with edu ca tion level.

To exam ine employ ment dis rup tions in the early epi demic, we use data from 
the March, April, and May waves of the 2020 CPS. The March CPS data were col-
lected largely before the major responses were observed and hence we view March 
as a hybrid period. As indi cated, we clas si fied peo ple as recently unem ployed if they 
were cur rently unem ployed and had become unem ployed within the past five weeks 
(March), 10 weeks (April), or 14 weeks (May). Ignoring reemployment, this mea-
sure cap tures employ ment dis rup tions since Feb ru ary in each sub se quent monthly 
CPS. Figures 4 and 5 com pare recent unem ploy ment rates with Remote Work scores 
and Face-to-Face scores at the occu pa tion level in the April and May CPS. In both 
fig ures, the left panel shows that recent unem ploy ment rates tended to be lower in 
occu pa tions with higher scores on the Remote Work index, suggesting that remote 
work capac ity helped pro tect employ ment. In con trast, the right panel shows that 
recent unem ploy ment rates were typ i cally higher in occu pa tions that involve more 
face-to-face tasks.
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837Determinants of Disparities in Early COVID-19 Job Losses

Job Tasks and the Labor Market: Regression Analysis

To assess the con nec tion between worker and job char ac ter is tics and recent job losses, 
we fit regres sions with the fol low ing form:

 yijks = Facejβ1 + Remotejβ2 + Essentialkβ3 + Femaleiβ4 +Childiβ5
+ Childi × Femalei( )β6 + Xiδ + ϕϕ s + εijks.    

 
(1)
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Fig. 4 Recent unemployment rate in April 2020 by occupation index for Remote Work and Face-to-Face. 
The sample consists of April CPS 2020 respondents aged 18–65 in the labor force. We produce the figure 
using the sample of observations in the regression in column 3 of Table 1, our most detailed model, for the 
month considered. We compute the average percentage recently unemployed in each occupation and plot 
that against the occupation’s index value. Each occupational index has been standardized to have mean 0 
and standard deviation 1. Each bubble represents a census occupation, with area proportional to the size of 
the workforce that holds that occupation in our sample. To improve readability, when plotting the bubbles 
we excluded from the sample the five occupations that, in April 2020, have recent unemployment rates 
above 78%. However, to reproduce the line plotting the linear prediction of recently unemployed on each 
occupation index, we do not drop these “extreme” occupations. The slope of the regression line in the left 
panel is −0.067 (constant = 0.139), while the slope in the right panel is 0.026 (constant = 0.140).
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Fig. 5 Recent unemployment rate in May 2020 by occupation index for Remote Work and Face-to-Face. 
See note in Figure 4.
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Here yijks is an indi ca tor that per son i with occu pa tion j, indus try k , in state s is 
recently unem ployed (Table 1) or tem po rar ily absent from work (Table 2). Facej and 
Remotej are the indi ces of Face-to-Face and Remote Work. Essentialk indi cates that 
the per son is in an essen tial indus try. Femalei indi cates that the per son is female, 
Childi  indi cates that the per son has a child under age six, and Xi is a vec tor of covari-
ates, includ ing a qua dratic in age, race/eth nic ity indi ca tors, and edu ca tion indi ca tors. 
All mod els include state fixed effects, denoted by ϕϕ s, and in some spec i fi ca tions they 
include statespe cific epi de mi o log i cal con di tions as mea sured by the log of COVID 
cases, which are interacted with occu pa tion char ac ter is tics. Occupation fixed effects 
are included in some but not all  spec i fi ca tions because they sub sume the occu pa tion 
char ac ter is tics (i.e., Facej , Remotej, and Essentialk).

Table 1 reports esti ma tes from March, April, and May. Column 1 in all  three pan els 
shows esti ma tes from mod els that con trol for occu pa tion and indi vid ual char ac ter is tics, 
but not for the num ber of COVID-19 cases in the state. Column 2 includes the log of 
state COVID cases (The New York Times 2020). Column 3 replaces the job task indi ces 
with occu pa tion and indus try fixed effects to account for any addi tional timeinvari ant 
job char ac ter is tics. Table 2 reports par al lel esti ma tes for tem po rary absence from work.

The coef fi cients on the Remote Work and the FacetoFace indi ces rein force the 
pat tern in Figures 4 and 5. In the anal y sis of the April CPS, the model in col umn 1 
implies that recent unem ploy ment rates were 1.6 per cent age points higher for peo-
ple work ing in jobs that score 1 stan dard devi a tion (SD) higher on the Face-to-Face 
index. The recent unem ploy ment rate in our April sam ple was 12.6%, which means 
that a 1SD increase in the FacetoFace score was asso ci ated with a 13% higher risk 
of being recently unem ployed. The rela tion ship is almost iden ti cal in the anal y sis 
based on the May CPS. In con trast, there was no asso ci a tion between the Face-to-
Face index and recent unem ploy ment in the March CPS, imply ing that the con nec tion 
between employ ment insta bil ity and the Face-to-Face index was not a preexisting 
fea ture of the labor mar ket. The coef fi cient on the Remote Work index is neg a tive 
and sig nifi  cant in March, suggesting that there was a small preepi demic con nec tion 
between remote work and employ ment dis rup tion. However, the mag ni tude of the 
coef fi cient on Remote Work is seven times larger in April and almost six times larger 
in May than in March. Working in a job that scored 1 SD higher on Remote Work was 
asso ci ated with a 5.6-per cent age-point lower risk of recent job loss, which is 44% of 
the recent unem ploy ment rate in April. Likewise, the coef fi cient on “Essential” (−8.9 
per cent age points) indi cates that work ing in an essen tial indus try was asso ci ated 
with a 71% lower prob a bil ity of recent unem ploy ment and the mag ni tude in April 
is  almost 13  times higher  than  in March. Column 2  includes  inter ac tions between 
state-level COVID-19 cases and job char ac ter is tics. The essen tial indus try and Face-
to-Face var i ables do not have strong inter ac tions with COVID-19 cases, but Remote 
Work has a strong neg a tive inter ac tion with COVID-19 cases, indi cat ing that remote 
work poten tial is par tic u larly impor tant in high-case envi ron ments.

The regres sions show that recent unem ploy ment rates vary with indi vid ual char-
ac ter is tics. Recent unem ploy ment rates are about three per cent age points higher for 
women  in April and May; how ever, when occu pa tion and  indus try fixed effects are 
included, the dif fer ence falls to one per cent age point. The coef fi cient on the inter ac tion 
term between female and chil dren under age six is small and not sta tis ti cally sig nifi 
cant, suggesting that childcare respon si bil i ties did not explain much of the gen der gap 
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843Determinants of Disparities in Early COVID-19 Job Losses

in unem ploy ment early in the epi demic; how ever, we later show that pres ence of young 
chil dren is a fac tor in absence from work. Recent unem ploy ment rates are sub stan tially 
higher for youn ger work ers and decline with age at a decreas ing rate. Recent unem ploy-
ment was lower among col lege-edu cated work ers: grad u ate degree hold ers were about 
7.9 per cent age points less likely to have become unem ployed in the 10 weeks lead ing 
up to the April CPS, and col lege grad u ates were about 4.4 per cent age points less likely 
to be recently unem ployed. This rela tion ship is much weaker in March, but on the same 
level dur ing May. Including occu pa tion and indus try fixed effects atten u ates the edu
ca tion gra di ent some what, but it remains strong and sig nifi  cant. Recent unem ploy ment 
rates were about three per cent age points lower among work ers liv ing in met ro pol i tan 
areas for both April and May. Again, includ ing occu pa tion and indus try fixed effects 
less ens but does not elim i nate this rela tion ship. Overall, occu pa tion and indus try char-
ac ter is tics were far more impor tant in April and May than in March. We attri bute this 
increase, and the slight decrease from April to May, to the spread of the pan demic, the 
pol icy responses, and their sub se quent eas ing dur ing the first part of May.

Table 2 shows results from mod els with “employed but absent” as the out come. 
Our esti ma tes show that work ers in jobs rely ing heavily on face-to-face inter ac tions 
were more likely to expe ri ence absence from work, while those who could work 
remotely more eas ily, and those in essen tial indus tries, were less likely to be absent 
from work. The coef fi cients on job attri butes have sim i lar signs in March and April, 
but the mag ni tude of the coef fi cients is much larger in April. The mag ni tude declines 
some what in May, which may indi cate that absences pre cede dis miss als. However, 
the data clas si fi ca tion issues we discussed ear lier make this a ten ta tive con clu sion.

The edu ca tion gra di ent is very sim i lar to the one found for recent unem ploy ment, 
with edu ca tion protecting against work absence. Women with young chil dren were 
par tic u larly likely to be tem po rar ily absent in all  months, suggesting that childcare 
respon si bil i ties likely played an early and last ing role in absence rates. To probe the 
tim ing of effects, we plot ted the coef fi cients from col umns 3 of Tables 1 and 2 over 
time dur ing the pan demic (March through May 2020) and for the same months in 
2019. In sev eral cases, we can spot a strik ing change in coef fi cient  in both graphs 
starting in March 2020, the onset of the epi demic; the 2019 coef fi cients are more cen
tered around 0. These graphs are shown in online appen dix Figures A7.1 and A7.2.

Further Analyses and Robustness Checks

We conducted a series of sen si tiv ity ana ly ses to assess the robust ness of our results. 
We report these results in the online appen dix and dis cuss them briefly here.

First, we explored whether mor tal ity risk7 from COVID-19 affected labor sup ply 
among high-risk groups by esti mat ing regres sions that include a mea sure of COVID-19 

7 We use Bayes’ the o rem to infer mor tal ity rates by age and gen der from the Chi nese Center for Disease 
Control and Prevention (2020). Specifically, we cal cu lated

Pr(Death |Gender,  Age) = Pr(Age |Death) ⋅Pr(Gender |Death) ⋅Pr(Death)
Pr(Gender) ⋅Pr(Age)

,

where Gender = Female, Male{ } and  Age = 20− 29, . . . , 70− 79, 80+{ }.  We nor mal ize the var i able to 
have a mean of 0 and a stan dard devi a tion of 1 on the entire CPS sam ple.
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mor tal ity risk as a covariate. The results are presented in online Table A8.1 for recent 
unem ploy ment and in Table A8.2 for absent from work. Overall, they sug gest that among 
peo ple work ing in non es sen tial jobs with aver age face-to-face and remote work capac-
ity, work ers with higher COVID-19 mor tal ity risk were actu ally less likely to expe ri ence 
a recent unem ploy ment spell in April and May. In April, the coef fi cient on the mor tal ity 
index implies that a 1-SD increase in mor tal ity risk reduced the recent unem ploy ment 
rate by about 1.3 per cent age points. Since our mor tal ity risk mea sure is mainly driven by 
age and gen der, this likely reflects that older work ers had more job secu rity than youn ger 
work ers. However, the coef fi cient on the inter ac tion term between mor tal ity risk and the 
Remote Work index is pos i tive, imply ing that this pat tern was partly off set for peo ple 
work ing in jobs that were more suit able for remote work. In con trast, mor tal ity risk does 
not appear to be a fac tor in tem po rary absences dur ing April or May.

In our main anal y sis, we con sider recent unem ploy ment and recent absence as 
sep a rate out comes. In sup ple men tary work, we com bine the two out come var i ables 
into a sin gle depen dent var i able indi cat ing either recent unem ploy ment or recent 
absence. The regres sion results are qual i ta tively unchanged, but the mag ni tudes are, 
as expected, fre quently larger because both out comes behave sim i larly. These esti ma-
tes are reported in online Appendix A.9 and Table A9.1.

Next, we exam ine the pos si bil ity that the rela tion ship between job char ac ter is tics 
and recent unem ploy ment reflects preexisting pat terns of employ ment insta bil ity not 
related to the epi demic. A con sis tent and com pa ra bly strong rela tion ship between job 
char ac ter is tics and employ ment even before the COVID-19 epi demic would throw 
into ques tion our find ing that such char ac ter is tics deter mined labor out comes dur ing 
April and May 2020. As a check, we run the same mod els on April and May 2019 
data. We find no clear rela tion ship between either job FacetoFace Index or being in 
an essen tial indus try and recent unem ploy ment. There appears to be a neg a tive cor re-
la tion between Remote Work and recent unem ploy ment in April and May 2019, but 
the strength of this rela tion ship is an order of mag ni tude larger in 2020 than in 2019. 
For tem po rary work absence, we find a pos i tive and sig nifi  cant coef fi cient on Face
to-Face, but of a much smaller mag ni tude in 2019 (between half as small to seven 
times as  small  in 2019 com pared  to 2020, depending on  the spec i fi ca tion). Tables 
A10.1 and A10.2 in online Appendix A.10 show the full results, which sug gest that 
while there may have been some preexisting rela tion ships between the var i ous job 
char ac ter is tics we study and labor mar ket out comes, these char ac ter is tics became 
con sid er ably more impor tant dur ing the epi demic.

We fur ther probe the robust ness of our results to the num ber of weeks used to 
define the recently unem ployed var i able. In the robust ness check, we vary the num ber 
of such weeks. The model coef fi cients are not sen si tive to the cut off used to define 
“recent” unem ploy ment. Online Appendix A.11 includes the graphs we used for this 
exer cise (Figures A11.1 and A11.2).

Finally, we rep li cated Figure 3 and our regres sion spec i fi ca tions using the defi  ni tion 
of Teleworkability as defined by Dingel and Neiman (2020). We find the same sociode-
mographic groups scor ing high (or low) in both telework and remote work, show ing the 
sim i lar ity of these two mea sures. In the regres sion mod els with the Teleworkability var i-
able in place of our Remote Work index, we find that the esti ma tes are very sim i lar to our 
results, and our main anal y sis is robust to this alter na tive mea sure. The graph appears 
in Figure A6.1 and the regres sions in Tables A12.1 and A12.2 in online Appendix A.12.
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Decomposing Group Differences in Recent Unemployment

The anal y sis so far shows that recent unem ploy ment rates in April and May var ied 
sub stan tially across sub pop u la tions. Differences in the kinds of jobs work ers held at 
the onset of the epi demic likely con trib uted to this var i a tion. In this sec tion, we use 
a ver sion of the Oaxaca–Blinder decom po si tion to quan tify the role of pre-epi demic 
sorting more for mally (Blinder 1973; Oaxaca 1973). We find  robust  evi dence  that 
 pre-epi demic group dif fer ences in job char ac ter is tics explain the major ity of the 
recent unem ploy ment gap for most com par i sons. However, we also show that sig-
nifi  cant disparities in unem ploy ment are not explained by observ able char ac ter is tics. 
Rather, they reflect dif fer ences in the rates at which dif fer ent groups became unem
ployed at the start of the pan demic, hold ing job sorting and other char ac ter is tics fixed.

Decomposition Model

We exam ine six aggre gate gaps in recent unem ploy ment rates: White ver sus Black, 
high school grad u ate ver sus high school drop out, female ver sus male, non-His panic 
ver sus His panic, col lege grad u ate ver sus high school grad u ate, and older ver sus 
youn ger work ers. For each pair, we spec ify regres sion mod els linking recent unem-
ploy ment with observed char ac ter is tics in each of the groups:

yiA = α0
A + XiAββA + εiA  

yiB = α0
B + XiBββB + εiB . 

In these mod els, yig  is a binary mea sure of recent unem ploy ment for per son i who 
is a mem ber of sub pop u la tion g ∈[A,B]8; Xig is a vec tor of covariates; α0g is a group-
spe cific inter cept; and  ββ g  is a groupspe cific vec tor of coef fi cients. Let  y g and X g  
rep re sent the aver age value of the recent unem ploy ment mea sure and the covariates 
among group g. The aver age dif fer ence in the shares of work ers reporting recent 
unem ploy ment between A and B is

y A − y B = X AββA − X BββB + (α0A −α0B )].

In the stan dard Oaxaca–Blinder decom po si tion, the dif fer ence in the share recently 
unem ployed between the two groups can be expressed as

y A − y B = (X A − X B )ββA + X B (ββA − ββB )+ (α0A −α0B )⎡⎣ ⎤⎦.

In  this  form  of  the  decom po si tion,  the  first  term,  (X A − X B )ββA , is called the 
“endow ment effect” and rep re sents the part of the aggre gate gap that is explained by 
dif fer ences in aver age value of observed covariates between the two groups. The sec-
ond term, XB ββA − ββB( )+ α0A −α0B( )⎡⎣ ⎤⎦ , is called the “coef fi cient effect” and reflects 
the gap that arises because work ers in the two groups have dif fer ent unem ploy ment 
out comes even given the same observed endow ments. Oaxaca and Ransom (1994) 

8 In each decomposition, group B is the relatively disadvantaged group in terms of employment.
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pointed out that the rel a tive size of the endow ment and coef fi cient effects depends on 
which group’s coef fi cients are treated as “cor rect” or “non dis crim i na tory.” The fore
go ing equa tion treats group A coef fi cients as the bench mark, but the decom po si tion 
could just as eas ily be writ ten with group B as the bench mark, lead ing to a dif fer ent 
result. To cir cum vent this ambi gu ity, we fol low the rec om men da tion in Fortin (2006) 
to use coef fi cients from a pooled regres sion as the bench mark. In the pooled regres
sion, groups A and B are allowed to have dif fer ent inter cepts but are restricted to have 
the same coef fi cients on the observed covariates.9 Using ββP and α0P to rep re sent coef-
fi cients from the pooled model, the aggre gate gap in recent unem ploy ment rates is

y A − y B = (X A − X B )ββP⎡⎣ ⎤⎦ + (X A(ββA − ββP )⎡⎣
+ (α0A −α0P ))− (X B (ββA − ββP )+ (α0A −α0P ))⎤⎦ ,

where (X A − XB )ββP⎡⎣ ⎤⎦ rep re sents the part of the aggre gate recent unem ploy ment gap 
that can be attrib uted to dif fer ences in preepi demic endow ments, using the coef fi
cients from the pooled model as the bench mark. The coef fi cient effect is char ac ter
ized by the devi a tion between the pooled coef fi cients and each group’s unre stricted 

coef fi cients. Using this frame work, we say that  E =  (X A − XB )ββP

y A − y B  is the share of the 

aggre gate gap com ing from the endow ment effect.10 The over all explained share can 
itself be decomposed to deter mine the share of the gap explained by spe cific groups 
of var i ables.

Specifically, we can write

X A − X B( )ββP = X A,Dem − X B,Dem( )ββP,Dem + X A,Job − X B ,Job( )ββP, job ,

where X g,Dem  and X g, job  are gspe cific  aver ages  of  demog ra phy  and  jobspe cific 
char ac ter is tics, and ββP,Dem  and ββP , job are con form able param e ter vec tors. It fol lows 
that the over all explained share can be decomposed into a share asso ci ated with demo-
graphic and job fac tors so that E = EDem + EJob. In prac tice, we break the explained 
share into sev eral categories, includ ing demo graphic-, indus try-, and occu pa tion-spe-
cific char ac ter is tics.11

Decomposition Results

Figure 6 sum ma rizes the most sig nifi  cant gaps in our data. For ease of visu al i za tion, 
they appear ordered from smallest to larg est for: White ver sus Black, high school 
grad u ate ver sus high school drop out, female ver sus male, non-His panic ver sus 

9 Our nota tion ββP  (and αP) cor re sponds to ββ*  in Jann (2008), the non dis crim i na tory coef fi cient vec tors. 
We imple ment the two fold Oaxaca decom po si tion using the pooled option in Stata.
10  This decom po si tion requires a nor mal i za tion that specifies how much of  the unex plained gap comes 
from pos i tive devi a tions from the pooled out come for the advan taged group and how much from neg a-
tive devi a tions for the dis ad van taged group. Our esti ma tes assume the devi a tions are sym met ric, that is, 
(XA(ββA − ββP )+ (α0

A −α0
P ))+ (XB (ββB −ββP )+ (α0

B −α0
P )) = 0.

11  A sim i lar exer cise can be conducted to break the coef fi cient effect across categories. However, the dif
fer ences in coef fi cient effects are gen er ally not sta tis ti cally sig nifi  cant when we focus on the same groups 
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 His panic, col lege grad u ate ver sus high school grad u ate, and older ver sus youn ger 
work ers. Figure 7 shows the same decom po si tions but applied to the May data for 
recent unem ploy ment. The full results of the decom po si tions appear in online appen-
dix Tables A13.1 and A13.3 for April and May 2020, respec tively.

For each gap, we esti mate three ver sions of the pooled decom po si tion model. Each 
model includes basic demo graphic char ac ter is tics (age, gen der, race, eth nic ity, edu-
ca tion, and pres ence of young chil dren) and state con trols. The three mod els are dif-
fer en ti ated by how much detail we include regard ing job char ac ter is tics. Model A 
includes the FacetoFace, Remote Work, and Essential Job indi ces. Model B adds a 
full set of 523 occu pa tion dummy var i ables, which, of course, absorb the var i a tion 
from the Face-to-Face and Remote Work indi ces.12 Finally, Model C adds a full set of 
261 indus try dummy var i ables, which absorb the var i a tion from the Essential index. 
Hence, Model C is  the most gen eral spec i fi ca tion and nests Model B, which nests 
Model A.

Focusing  first  on Model A  for  the April  data,  the  explan a tory  con tri bu tions  of 
task-based sorting and essen tial indus try sorting operate in dif fer ent direc tions across 
groups. For exam ple, the non-His panic–His panic gap is quite large at −4.45 per cent-
age points, rel a tive to a base line recent unem ploy ment rate of 12.1%. About 52.18% 
of the raw gap arises because His panic work ers are over rep re sented in jobs with lit tle 
oppor tu nity for remote work. However, these rel a tive losses are par tially off set by 
the fact the His panic work ers are over rep re sented in essen tial jobs, account ing for 
−12.24% of the raw gap. This pat tern is sim i lar for the Black–White gap. The gen der 
gap dis plays a dif fer ent pat tern; con tinu ing with the April data, most of the gen der 
gap is unex plained, and in fact sorting on the basis of remote work pre dicts a smaller 
gap than actu ally appears in the data because women are more likely to be in jobs 
that per mit remote work. Moving to Models B and C, we see that sorting by occu pa-
tion and indus try explains a siz able por tion of the gen der, race, and eth nic ity gaps in 
recent unem ploy ment. However, there remain sub stan tial unex plained dif fer ences in 
employ ment losses across groups even in these more detailed decom po si tions.

The larg est gaps we observe are between col lege grad u ates and high school grad-
u ates, and between older ver sus youn ger work ers. In Model C, we observe that a 
major ity of both raw gaps can be attrib uted to dif fer ences in the types of jobs work-
ers held when the epi demic started. The less detailed Model A sug gests that a large 
por tion of the gap was asso ci ated with dif fer ences in capac ity for remote work and is 
par tially off set by employ ment in essen tial indus tries.

All of the pat terns we observe are con sis tent from April to May except one: the 
gap in recent unem ploy ment between Black and White work ers (see Figure 7). In 
May, the raw gap is −0.0345 per cent age points, dou ble the −0.0171 gap from April. 

of demo graphic and job char ac ter is tics. As a result, we can not say with con fi dence whether cer tain types 
of jobs are dif fer en tially pro tec tive against job loss.
12  For Model B, Table A13.2 in online Appendix A.13 reports the share of var i a tion in April explained 
by sorting across five toplevel categories in the cen sus occu pa tional clas si fi ca tion sys tem: Management, 
Business, Science, and Arts; Service; Sales and Office; Natural Resources, Construction, and Maintenance; 
and Production, Transportation, and Material Moving. A sixth cat e gory, Military Specific Operations, does 
not appear because the CPS is a sur vey of the civil ian non in sti tu tional pop u la tion. Table A13.4 shows the 
same results using May data.
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Fig. 6 Oaxaca–Blinder decomposition for April 2020: A graphical representation. The three panels are a 
graphical representation of the Oaxaca decomposition estimates shown in online appendix Table A13.1. 
These are obtained through three different models, all of which include sociodemographic controls (i.e., 
age, gender, race, ethnicity, and education), state fixed effects, and a dummy variable for the presence of 
children under six. Model A includes the FacetoFace, Remote Work, and Essential Job indices. Model 
B adds a full set of 523 occupation dummy variables. Model C includes a full set of 261 industry dummy 
variables  and  reports  the  share  of  each gap  explained by  sorting  into  industries  classified  as Essential 
versus Nonessential. Each shaded area represents the share that is, depending on the color, explained by 
the different sets of variables reported in the legend. The line total shows the raw gap between each com-
parison pair. (Figure 6 is continued on next page.)
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Fig. 6 (continued)

Curiously, all  of the growth in the gap is from sources that are not explained by the 
indi vid ual or job char ac ter is tics included in the model. Overall, recent unem ploy-
ment rates fell in May rel a tive to April, as they did for head line unem ploy ment. Con-
sistent with this trend, recent unem ploy ment also fell for White work ers. However, 
recent unem ploy ment rates increased slightly for Black work ers. Our decom po si tion 
indi cates that what ever prevented recent unem ploy ment rates from fall ing for Black 
work ers was unre lated to any of the indi vid ual or job char ac ter is tics included in our 
model. One expla na tion  relates  to how  the CPS classifies work ers  as unem ployed 
ver sus employed-but-absent across months. On the other hand, this result may indi-
cate that even given the same char ac ter is tics, White work ers are more likely to be 
reemployed than Black work ers in a recov ery.

Across the board, dif fer en tial sorting into occu pa tions and indus tries is highly rel-
e vant in explaining gaps in recent unem ploy ment. This find ing ech oes recent work 
by Athreya et al. (2020), who found that the ser vice sec tors are most vul ner a ble to 
social dis tanc ing. Nevertheless, the pre cise sources of employ ment losses vary across 
groups in ways that are only par tially explained by dif fer en tial expo sure to par tic u lar 
types of tasks or sec tors. Finally, we note that demo graphic con trols do not explain 
a large part of any of the gaps, suggesting a lim ited role for labor sup ply effects in 
deter min ing recent job losses.

We ran these mod els on data from the same months in 2019 as well (Tables A13.1 
and A13.3  in  the  online  appen dix)  to  inves ti gate  the  role  that  occu pa tion  sorting 
played in explaining dif fer ences in job loss prior to the pan demic. We find that the 
mag ni tude of most raw gaps for the groups we con sider is much smaller in 2019 than 
in 2020. Even before the pan demic, for some groups the Remote Work index does 
explain a sta tis ti cally sig nifi  cant but eco nom i cally small share of dif fer ences in job 
loss. Nevertheless,  the  size  and  the  sig nifi  cance  of  our  2020  results,  com pared  to 
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Fig. 7 Oaxaca–Blinder decomposition for May 2020: A graphical representation. See note in Figure 6. 
(Figure 7 is continued on next page.)
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Fig. 7 (continued)

2019, estab lish that occu pa tional sorting in jobs char ac ter ized by high remote work 
and low face-to-face inter ac tion did con trib ute sub stan tially more to disparities in job 
loss dur ing the epi demic than in nor mal times. Two exam ples are par tic u larly mean-
ing ful. The first is the White–Black raw gap, which in 2019 was sig nifi  cant, but was 
about half the size of the 2020 raw gap. Furthermore, while remote work explained 
only 3.64% of the 2019 gap, that increased to 23.31% in 2020. Another exam ple is the 
gap between high school grad u ates and high school drop outs. While in 2019 remote 
work explained more than 57% of the raw gap, the esti mated gap was sta tis ti cally 
insig nifi  cant and approx i ma tely zero. However, in 2020, that per cent age increased to 
almost 72% and the raw gap was more than six times as large as in the pre vi ous year, 
and this time it was sta tis ti cally sig nifi  cant.

Conclusions

After only a few months in 2020, the COVID-19 job losses were larger than the total 
mul ti year effect of the Great Recession. Moreover, there were large disparities in 
job losses across demo graphic groups and peo ple with dif fer ent lev els of edu ca tion. 
Much of the over all var i a tion in recent unem ploy ment stemmed from dif fer ences 
across dif fer ent types of jobs. For exam ple, in the April CPS, we found that recent 
unem ploy ment rates were about 44% lower among work ers in jobs that are more 
com pat i ble with remote work. In con trast, work ers in jobs that require more face-to-
face con tact were at higher risk of recent unem ploy ment.

Formal decom po si tion anal y sis shows that a sub stan tial share of the dis par ity in 
recent unem ploy ment across racial, eth nic, age, and edu ca tion sub pop u la tions can be 
explained by dif fer ences in pre-epi demic sorting across occu pa tions and indus tries 
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that were more ver sus less sen si tive to the COVID-19 shock. However, in almost all  
cases, a large share of the gaps in job losses between social strata can not be explained 
by either occu pa tion sorting or other observ able traits. There are at least three pos si-
ble sources for the unex plained share. First, work ers may have dif fer ent labor sup ply 
responses to the epi demic. Second, var i a tion in expo sure to labor demand shocks 
may not be fully reflected in the occu pa tional or demo graphic dif fer ences we con
sid ered. Third, work ers may face dis pa rate treat ment when employers make lay off 
and recall deci sions. The avail  able data do not allow us to dis tin guish between these 
three chan nels.

These results raise con cerns about the risks of work place COVID-19 expo sure 
and how that risk is dis trib uted across the pop u la tion. More highly edu cated work-
ers had more job secu rity dur ing the epi demic because their work is often com pat i-
ble with remote work. The least edu cated work ers have also expe ri enced less recent 
unem ploy ment, largely owing to their con cen tra tion in essen tial indus tries, but these 
work ers likely face greater expo sure to COVID-19 itself. Thus, the higher job secu-
rity avail  able to work ers with high or low edu ca tion poten tially masks a dis par ity in 
the health risks. New gov ern ment pol i cies or pri vate-sec tor inno va tions that increase 
the via bil ity of remote work for a larger share of the econ omy could be extremely 
valu able.

The anal y sis of May CPS data showed an uptick in employ ment that likely derived 
from the busi ness reopenings implemented in most states dur ing that month. Although 
rates of recent unem ploy ment and absence from work were still high in the May data, 
the data do sug gest that reopening pol i cies reduced the neg a tive impact of the epi-
demic on the labor mar ket. The improve ments in labor mar ket out comes are con sis-
tent with cell sig nal data, which show a rise in phys i cal mobil ity starting in mid-April 
and con tinu ing through May (Nguyen et al. 2020). Of course, future poten tial waves 
of the virus make the return to full nor malcy and its dura tion quite uncer tain.

In the mean time, our results high light that there are large disparities in the cur rent 
labor mar ket cri sis, and they sug gest a role for targeted pub lic pol i cies. Although 
women with young chil dren did not have sta tis ti cally larger increases in recent unem-
ploy ment com pared to men with young chil dren, despite the dis rup tions in school and 
childcare, their higher rate of “employed-but-absent” is wor ry ing and could indi cate 
larger losses in future employ ment. Moreover, sin gle par ents, who are over whelm-
ingly women, expe ri enced a larger decrease in employ ment between Feb ru ary and 
April, as well as between Feb ru ary and May, than their mar ried coun ter parts. Efforts 
to sup port new childcare options are impor tant in this con text. In May 2020, dur-
ing the reopening phase, we found some evi dence of racial disparities in reemploy-
ment. For exam ple, Black work ers became employed at a proportionately lower rate 
than did other groups. Further, the decom po si tion anal y sis shows that while for most 
groups recent unem ploy ment decreased in May, it increased slightly for Blacks, and 
this gap is not related to any of the indi vid ual or job char ac ter is tics we con sid ered.

Our results point at deeper struc tural dam age to the econ omy than may ini tially 
meet the eye. Previous research has documented large scar ring effects of grad u at-
ing from high school or col lege dur ing a reces sion, and the lon ger term effects of 
early career set backs may be even larger than the near-term effects (Rothstein 2019). 
Our work shows that recent unem ploy ment rates are very high among the youn gest 
work ers over all and in com par i son to ear lier reces sions. Finding work ers whose 
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employ ment match with their employer is highly pro duc tive is costly. Hence, efforts 
to sup port early career work ers, as well as older displaced work ers, may need to be a 
par tic u lar tar get of pol icy in the near future. Another impor tant pol icy con sid er ation 
that arises from our study regards access to health care. In the United States, work ers 
receive health care and other ben e fits through employers. Assuming eco nomic con
di tions in the post-epi demic years improve but remain unsta ble as a result of future 
waves of the virus, policymakers should make it a pri or ity to help work ers main tain 
their occu pa tion with their orig i nal employers. However, if eco nomic con di tions do 
not return to nor mal rap idly, then the smooth reallocation of work ers into dif fer ent 
types of jobs may also be needed. ■

Acknowledgments The authors thank two anon y mous review ers. Xuan Jiang grate fully acknowl edges 
sup port from the National Center for Advancing Translational Sciences and the National Institute for Child 
Health and Development (grants UL1 TR002733 and R24 HD058484), and Bruce A. Weinberg acknowl
edges sup port from the National Center for Advancing Translational Sciences, the National Institute for 
Child Health and Development, the National Institute on Aging, the Office of the NIH Director, and the 
National Institute for General Medical Sciences (grants UL1 TR002733, R24 HD058484, and U01 AG076549).

References

Adams-Prassl, A., Boneva, T., Golin, M., & Rauh, C. (2020). Inequality in the impact of the Coronavirus 
shock: New sur vey evi dence for the UK  (CambridgeINET Working  Paper  Series,  No.  2020/10). 
 Cambridge, UK: University of Cambridge, Institute for New Economic Thinking.

Albanesi, S., & Kim, J. (2021). The gen dered impact of the COVID-19 reces sion on the U.S. labor mar ket 
(NBER Working Paper 28505). Cambridge, MA: National Bureau of Economic Research.

Alon, T., Doepke, M., OlmsteadRumsey, J., & Tertilt, M. (2020). The impact of COVID-19 on gen der 
equal ity (NBER Working Paper 26947). Cambridge, MA: National Bureau of Economic Research.

Angelucci, M., Angrisani, M., Bennett, D. M., Kapteyn, A., & Schaner, S. G. (2020). Remote work and 
the het ero ge neous impact of COVID-19 on employ ment and health (NBER Working Paper 27749). 
Cambridge, MA: National Bureau of Economic Research.

Athreya, K. B., Mather, R., Mustredel Río,  J., & Sánchez,  J. M.  (2020). COVID-19 and house holds’ 
financialdistress—Part1:Employmentvulnerabilityand(financial)pre-existingconditions (Report). 
Richmond, VA: Federal Reserve Bank of Richmond.

Autor, D. H., Katz, L. F., & Kearney, M. S. (2006). The polar i za tion of the U.S. labor mar ket. Amer i can 
EconomicReview:Papers&Proceedings,96, 189–194.

Bartik, A. W., Bertrand, M., Cullen, Z. B., Glaeser, E. L., Luca, M., & Stanton, C. T. (2020). How are small 
businessesadjusting toCOVID-19?Early evidence froma survey  (NBER Working Paper 26989). 
Cambridge, MA: National Bureau of Economic Research.

Blau, F. D., Meyerhofer, P. A., & Koebe, J. (2020). EssentialandfrontlineworkersintheCOVID-19crisis 
(Econofact report). Medford, MA: Edward R. Murrow Center for a Digital World, Fletcher School at 
Tufts University.

Blinder, A. S.  (1973). Wage dis crim i na tion: Reduced  form and struc tural esti ma tes. Journal of Human 
Resources,8, 436–455.

Busch, F. (2020). Gender seg re ga tion, occu pa tional sorting, and growth of wage disparities between 
women. Demography,57, 1063–1088.

Cheng, S., Tamborini, C. R., Kim, C., & Sakamoto, A. (2019). Educational var i a tions in cohort trends in 
the Black–White earn ings gap among men: Evidence from admin is tra tive earn ings data. Demography,
56, 2253–2277.

Chi nese Center for Disease Control and Prevention. (2020). The epi de mi o log i cal char ac ter is tics of an 
out break of 2019 novel Coronavirus dis eases (COVID-19)—China, 2020. ChinaCDCWeekly,2(8), 
113–122.

D
ow

nloaded from
 http://read.dukeupress.edu/dem

ography/article-pdf/59/3/827/1586416/827m
ontenovo.pdf by guest on 25 Septem

ber 2023



854 L. Montenovo et al.

Coibion, O., Gorodnichenko, Y., & Weber, M. (2020). Labor mar kets dur ing the COVID-19 cri sis: A 
pre lim i nary view  (NBER Working  Paper  27017).  Cambridge, MA: National Bureau  of  Economic 
Research.

Cools, S., Markussen, S., & Strøm, M. (2017). Children and careers: How fam ily size affects par ents’ labor 
mar ket out comes in the long run. Demography,54, 1773–1793.

Dasgupta, K., & Murali, S. (2020). Pandemiccontainmentandinequalityinadevelopingeconomy (IIMB 
Working Paper No. 613). Bangalore: Indian Institute of Management Bangalore.

Dingel, J. I., & Neiman, B. (2020). How many jobs can be done at home? JournalofPublicEconomics,
189, 104235. https:  /  /doi  .org  /10  .1016  /j  .jpubeco  .2020  .104235

Dingel, J. I., Patterson, C., & Vavra, J. (2020). Childcare obli ga tions will con strain many work ers when 
reopening the U.S. econ omy (Working Paper No. 2020-46). Chicago, IL: University of Chicago, 
Becker Friedman Institute for Economics. Retrieved from https:  /  /ssrn  .com  /abstract=3579711

Dudel, C., & Myrskylä, M. (2017). Working life expec tancy at age 50 in the United States and the impact 
of the Great Recession. Demography,54, 2101–2123.

Forsythe,  E., Kahn,  L. B.,  Lange,  F., & Wiczer, D. G.  (2020). Labor demand in the time of COVID-
19:EvidencefromvacancypostingsandUIclaims (NBER Working Paper 27061). Cambridge, MA: 
National Bureau of Economic Research.

Fortin, N. M. (2006). Greed,altruism,andthegenderwagegap. Unpublished man u script, Department of 
Economics, University of Brit ish Colum bia, Vancouver, Brit ish Colum bia, Canada.

Goldin, C. (2022). Understanding the economic impact of COVID-19 on women (Brookings Papers 
on  Economic  Activity,  BPEA  Conference  Drafts).  Retrieved  from  https://www.brookings.edu 
/wpcontent/uploads/2022/03/SP22_BPEA_Goldin_confdraft.pdf

Goolsbee, A., & Syverson, C. (2020). Fear, lockdown,anddiversion:Comparingdriversofpandemic
eco nomic decline  (NBER Working Paper  27432). Cambridge, MA: National Bureau of Economic 
Research.

Grossman, D. S., & Slusky, D. J. G. (2019). The impact of the Flint water cri sis on fer til ity. Demography,
56, 2005–2031.

Guerrieri, V., Lorenzoni, G., Straub, L., & Werning, I. (2020). Macroeconomic impli ca tions of COVID-19: 
Can neg a tive sup ply shocks cause demand short ages?  (NBER Working Paper 26918). Cambridge, 
MA: National Bureau of Economic Research.

Gupta, S., Nguyen, T. D., Lozano Rojas, F., Raman, S., Lee, B., Bento, A., . . .  Wing, C. (2020). Tracking 
publicandprivateresponsetotheCOVID-19epidemic:Evidencefromstateandlocalgovernment
actions (NBER Working Paper 27027). Cambridge, MA: National Bureau of Economic Research.

Jann,  B.  (2008).  The  Blinder–Oaxaca  decom po si tion  for  lin ear  regres sion  mod els.  Stata Journal, 8, 
453–479.

Killewald, A., & Zhuo, X. (2019). U.S. moth ers’ long-term employ ment pat terns. Demography, 56, 
285–320.

Leibovici, F., Santacreu, A. M., & Famiglietti, M. (2020, March 24). Social dis tanc ing and con tact- 
inten sive occu pa tions. OntheEconomyBlog,FederalReserveBankofSt.Louis. Retrieved from https: 
 /  /www  .stlouisfed  .org  /on  -the  -economy  /2020  /march  /social  -distancing  -contact  -intensive  -occupations

LozanoRojas, F., Jiang, X., Montenovo, L., Simon, K. I., Weinberg, B., & Wing, C. (2020). Is the cure 
worse than the prob lem itself? Immediate labor mar ket effects of COVID-19 case rates and school 
clo sures in the U.S. (NBER Working Paper 27127). Cambridge, MA: National Bureau of Economic 
Research.

Mongey, S., & Weinberg, A. (2020). Characteristics of work ers in low work-from-home and high 
 per sonal-prox im ity occu pa tions (White paper). Chicago, IL: University of Chicago, Becker Friedman 
Institute for Economics.

National Bureau of Economic Research. (2012). U.S. busi ness cycle expan sions and con trac tions (Report). 
Available from www  .nber  .org

National Center for O*NET Development. (2020). O*NETonlinehelp:Datacollectioninformation [Data 
set]. Available from www  .onet  .org

The New York Times. (2020). Coronavirus(COVID-19)dataintheUnitedStates [Data set]. Retrieved 
from https:  /  /github  .com  /nytimes  /covid  -19  -data

Nguyen, T. D., Gupta, S., Andersen, M., Bento, A., Simon, K. I., & Wing, C. (2020). Impacts of state 
reopening pol icy on human mobil ity  (NBER Working  Paper  27235).  Cambridge,  MA:  National 
Bureau of Economic Research.

D
ow

nloaded from
 http://read.dukeupress.edu/dem

ography/article-pdf/59/3/827/1586416/827m
ontenovo.pdf by guest on 25 Septem

ber 2023

https://doi.org/10.1016/j.jpubeco.2020.104235
https://ssrn.com/abstract=3579711
https://www.brookings.edu/wp-content/uploads/2022/03/SP22_BPEA_Goldin_conf-draft.pdf
https://www.brookings.edu/wp-content/uploads/2022/03/SP22_BPEA_Goldin_conf-draft.pdf
https://www.stlouisfed.org/on-the-economy/2020/march/social-distancing-contact-intensive-occupations
https://www.stlouisfed.org/on-the-economy/2020/march/social-distancing-contact-intensive-occupations
http://www.nber.org
http://www.onet.org
https://github.com/nytimes/covid-19-data


855Determinants of Disparities in Early COVID-19 Job Losses

Oaxaca,  R.  (1973).  Male–female  wage  dif fer en tials  in  urban  labor  mar kets.  International Economic
Review,14, 693–709.

Oaxaca, R. L., & Ransom, M. R. (1994). On dis crim i na tion and the decom po si tion of wage dif fer en tials. 
JournalofEconometrics,61, 5–21.

Rothstein, J. (2019). The lost gen er a tion? Scarring after the Great Recession (Working paper). Berkeley: 
University of California, Berkeley, Goldman School of Public Policy.

Sakamoto, A., & Powers, D. A. (2005). Demography of social strat i fi ca tion. In D. L. Poston & M. Micklin 
(Eds.), Handbook of pop u la tion (pp. 383–416). New York, NY: Kluwer Academic/Plenum Publishers.

Sastry,  N.,  &  Gregory,  J.  (2014).  The  loca tion  of  displaced  New  Orleans  res i dents  in  the  year  after 
Hurricane Katrina. Demography,51, 753–775.

Schenck-Fontaine, A., & Panico, L. (2019). Many kinds of pov erty: Three dimen sions of eco nomic hard-
ship, their com bi na tions, and chil dren’s behav ior prob lems. Demography,56, 2279–2305.

Schneider, D., & Hastings, O. P. (2015). Socioeconomic var i a tion in the effect of eco nomic con di-
tions on mar riage and non mar i tal fer til ity in the United States: Evidence from the Great Recession. 
Demography,52, 1893–1915.

Seltzer, N. (2019). Beyond the Great Recession: Labor mar ket polar i za tion and ongo ing fer til ity decline in 
the United States. Demography,56, 1463–1493.

U.S. Census Bureau. (2019). Current pop u la tion sur vey: Design and meth od ol ogy (Technical Paper No. 
77). Retrieved from https:  /  /www2  .census  .gov  /programs  -surveys  /cps  /methodology  /CPS  -Tech  -Paper 
 -77  .pdf

U.S. Department of Homeland Security. (2020). Guidance on the essen tial crit i cal infra struc ture  
work force (Version 3.0) (Report). Retrieved from https://www.cisa.gov/publication/guidance-essential- 
critical-infrastructure-workforce

Zissimopoulos, J., & Karoly, L. A. (2010). Employment and selfemploy ment in the wake of Hurricane 
Katrina. Demography,47, 345–367.

Laura Montenovo (cor re spond ing author)
lmonten@iu  .edu

Montenovo  •  O’Neill School of Public and Environmental Affairs, Indiana University, Bloomington, IN, 
USA; https:  /  /orcid  .org  /0000  0002  7955  3761

Jiang  •  Department of Economics, Jinan University, Guangzhou, China; https:  /  /orcid  .org  /0000  -0001 
 -7802  -0165

Lozano-Rojas  •  School of Public and International Affairs, University of Georgia, Athens, GA, USA; 
https:  /  /orcid  .org  /0000  0002  9300  6094

Schmutte  •  Terry College of Business, University of Georgia, Athens, GA, USA; https:  /  /orcid  .org  /0000 
 0001  5955  3599

Simon  •  O’Neill School of Public and Environmental Affairs, Indiana University, Bloomington, IN, 
USA; https:  /  /orcid  .org  /0000  0002  3231  1466

Weinberg  •  Department of Economics, The Ohio State University, Colum bus, OH, USA; https:  /  /orcid 
 .org  /0000  0001  8856  1803

Wing  •  O’Neill School of Public and Environmental Affairs, Indiana University, Bloomington, IN, 
USA; https:  /  /orcid  .org  /0000  0003  0033  7562

D
ow

nloaded from
 http://read.dukeupress.edu/dem

ography/article-pdf/59/3/827/1586416/827m
ontenovo.pdf by guest on 25 Septem

ber 2023

https://www2.census.gov/programs-surveys/cps/methodology/CPS-Tech-Paper-77.pdf
https://www2.census.gov/programs-surveys/cps/methodology/CPS-Tech-Paper-77.pdf
https://www.cisa.gov/publication/guidance-essential-critical-infrastructure-workforce
https://www.cisa.gov/publication/guidance-essential-critical-infrastructure-workforce
mailto:lmonten@iu.edu
https://orcid.org/0000-0002-7955-3761
https://orcid.org/0000-0001-7802-0165
https://orcid.org/0000-0001-7802-0165
https://orcid.org/0000-0002-9300-6094
https://orcid.org/0000-0001-5955-3599
https://orcid.org/0000-0001-5955-3599
https://orcid.org/0000-0002-3231-1466
https://orcid.org/0000-0001-8856-1803
https://orcid.org/0000-0001-8856-1803
https://orcid.org/0000-0003-0033-7562

	Determinants of Disparities in Early COVID-19 Job Losses
	Laura Montenovo, Xuan Jiang, Felipe Lozano-Rojas, Ian Schmutte, Kosali Simon, Bruce A. Weinberg, and Coady Wing
	Introduction
	Related Research
	Data
	Current Population Survey
	O*NET
	Homeland Security Data on Essential Work

	Employment Disruptions in Three Recessions
	Job Tasks and Recent Unemployment
	Job Tasks and the Labor Market: Descriptive Analysis
	Job Tasks and the Labor Market: Regression Analysis
	Further Analyses and Robustness Checks

	Decomposing Group Differences in Recent Unemployment
	Decomposition Model
	Decomposition Results

	Conclusions
	References


