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TheCOVID-19 pandemic resulted in major declines in employment
of women. We provide projections of impacts of this reduction on
less educated women’s future human capital framedwithin the tradi-
tional Mincerian model. We find that wage losses one year out from
2020 are relatively modest on average, generally less than 1%, with
the largest for married women without children in the home. But
losses are greater for young married women, mothers with very
young children, and those working in COVID-impacted industries.
School and childcare closures increase negative wage impacts for
married mothers by an additional 50%.
I. Introduction

In the United States, the 2020 COVID-19 pandemic recession reduced em-
ployment by22millionworkers, a 14%drop, and increased the unemployment
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rate to 15%, all within 2 months. Yet these indicators recovered within
10 months: employment reductions fell to 7% relative to the initial point
and the unemployment rate fell to 7%, creating the so-calledV-shaped reces-
sion. The magnitude of the losses and the sharp rebound made the recession
unlike any other recession in the last 80 years.
There was much discussion on the impact of the recession on women.

That discussion was particularly extensive in the popular media, where it
has been coined a “she-cession” (https://www.nytimes.com/2021/03/04
/upshot/mothers-jobs-pandemic.html?searchResultPosition51). The pandemic
began in March 2020, and by April 2020 the employment-population ratio
for women 25–54 had fallen by 23% from its level one year earlier, larger
than the 18% drop for men (Albanesi 2022).1 The greater impact on women
has been ascribed partly to their heavier representation in sectors especially
hit by the recession (leisure and hospitality, trade, services) and, for mothers,
by reductions in the availability of childcare and school closures (Alon et al.
2020a, 2020b; Albanesi and Kim 2021; Alon et al. 2021). However, women’s
employment recovered faster than that of men’s, and their employment de-
clines had reached parity by January 2021 (Albanesi 2022). The decline was
greater for women in what Albanesi and Kim (2021) call “inflexible” oc-
cupations—occupations that cannot be performed remotely—and high-
contact occupations (Albanesi and Kim 2021; Fairlie, Couch, and Xu
2022; Heggeness and Suri 2021; Mongey, Pilossoph, and Weinberg 2021);
was greater for single women than for married women (Albanesi 2022);
and was much more pronounced for less educated women (Aaronson,
Hu, and Rajan 2021; Furman, Kearney, and Powell 2021; Goldin 2022).
Aaronson, Hu, and Rajan (2021) also found that despite a rapid recovery,
negative impacts were particularly severe for particular subgroups of moth-
ers—Black, single, and less educated mothers—but Lee, Park, and Shin
(2021) showed that most of the unequal patterns of decline by demographic
characteristic had disappeared by the end of 2021.
This paper reports the results of an exercise to project possible effects of

the pandemic recession onwomen’s human capital. The conceptual approach
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1 As emphasized by Goldin (2022), the decline for women was greater than this
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is squarely in the Mincerian tradition, framing the human capital stock as re-
flecting lifetime investments in skills that are proxied by years of work ex-
perience. In its most basic terms, a loss of employment in the Mincer model
results in a smaller human capital stock, both because on-the-job investments
do not take place and because of skill depreciation when not working. A
recession-induced loss of employment therefore reduces the stock of fu-
ture human capital relative to what it would have been in the absence of the
recession.
Our approach is to use historical experience to estimate the effect of reces-

sions on women’s employment loss and subsequent reductions in human
capital and then to use those historical relationships to make projections
of the effect of the pandemic recession on women’s later market wage rates.
We use prepandemic data from 1968 to 2017 from theMichigan Panel Study
of IncomeDynamics (PSID), focusing onwomenwith less than a college de-
gree because college-educated women had modest impacts of the pandemic
on employment (Goldin 2022). In estimating the impact of past recessions
on employment and on work experience, we also allow the impact to differ
in ways specifically designed for the pandemic projection, including (i) al-
lowing the impact of a recession to differ if the woman was in an industry
that was especially (later) impacted by COVID and (ii) allowing the impact
of recessions to be different for women who were in occupations that are
likely to be telecommutable. We also pay close attention to the importance
of recessionary impacts on women’s employment by the age of the children,
whether preschool age (and hence dependent on childcare for the mother to
work) or school age (and hence affected by school closures). Using the esti-
matedmodel, the impact of the pandemic recession is then projected by first
assuming the recession had not occurred and that the business cycle had
stayed at its 2019 level in 2020 and then using the actual 2020 business cycle
level. The difference in projected work experience and wage rates is our es-
timate of the impact of the recession on women’s human capital. Although
obvious, it is worth emphasizing that these are only projections, not fore-
casts, made under the assumption that the estimatedmodel is correctly spec-
ified and would still hold beyond the observation period.
We project wage losses one year out from 2020 to be relatively modest on

average, generally less than 1%. The largest effects are for married women
without children in the home, who have high returns to working and who
therefore lose the most human capital in a recession. Losses are also greater
for married women at young ages, for mothers with very young children,
and for thoseworking inCOVID-impacted industries. School and childcare
closures increase projected negativewage impacts formarriedmothers by an
additional 50%. We also find some suggestive evidence that an increase in
part-year work projected to occur during the pandemic could increase the
size of human capital losses for somewomen, although the estimates are im-
precisely determined.
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To our knowledge, the specific impact of recessions on women’s human
capital has not been examined in the literature within the framework of the
Mincer model. There is a significant literature on the impact of mass layoffs
in recessions on future earnings (the “scarring effect” of recessions), which
shows those impacts to be large and long-lasting, startingwith Topel (1990),
Ruhm (1991), and Jakubson, Lalonde, and Sullivan (1993) and continuing
withDavis and vonWachter (2011) andmanymore. In addition to focusing
on mass layoffs rather than general unemployment, as our work does, this
literature usually studies men and mostly uses earnings as the outcome var-
iable, while our work examines women and utilizes the hourly wage—a
better proxy for human capital—as the outcome. And, as just implied, the
reduced-form nature of this literature is different from our work, which
specifies theMincer model framework as the mechanism through which re-
cessions affect human capital.
Our paper builds on a vast history of work onwomen’s employment and

human capital. The largest literature relative to this paper is that on the im-
pact on women’s future earnings of time spent away fromwork to take care
of children in the home, including the literature on the contribution of that
effect to the gender wage gap (Waldfogel 1997; Altonji and Blank 1999;
Bertrand 2011; Goldin 2014; Olivetti and Petrongolo 2016; Blau and Kahn
2017; Cortés and Pan 2023; and many more). Whether the impact of non-
employment to engage in child-rearing has the same impact on human cap-
ital as the involuntary job loss associated with recessions is an interesting
question, but one beyond the scope of this paper. On the one hand, the rea-
sons for nonemployment are very different, but on the other hand, it may be
that time out of the labor force has the same impact regardless of the cause.
Section II of the paper lays out the basics of Mincer human capital models

for women and discusses how we make a modification of that model that is
more in line with the original Mincer and Polachek (1974) work. Our mod-
ified model implies that the impact of recessions on women’s human capital
depends on the ages at which those recessions occur in her life history. We
then describe our econometric model for capturing human capital effects
solely through business cycle forces, showing that identifying the impact
of business cycles on human capital is not quite as straightforward as it might
seem, leading us to use a method we call Cohort IV for identification and es-
timation. Section III describes the PSID sample used for the exercise, and sec-
tion IV presents estimates of the baseline model and its projections for the
impact of the pandemic recession on women’s human capital. In section V,
we then conduct a number of sensitivity tests and extensions to the baseline
model. Section VI summarizes the results and discusses its limitations.

II. Mincerian Human Capital Models

The classicmodel developed inMincer (1974) derived the now-standardqua-
dratic experience specification from an assumed human capital accumulation
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equation that was log linear in investment and that assumed investment to
decline linearly over time. Letting the stock of human capital beHt at expe-
rience year t, kt21 the fraction devoted to investment at time t 2 1, and r the
rate of return to investment, human capital accumulates according to the
process

lnHt 5 rkt21 1 lnHt21, (1)

which implies that

lnHt 5 r o
t5t21

t51

kt 1 lnðH1Þ, (2)

whereH1 is the initial level of human capital when entering the labor market.
Mincer assumed that kt declines over time because of rising opportunity costs
and decreasing remaining years of work life and that it declines linearly:

kt 5 z 2 yt: (3)

Then

lnHt 5 r o
t5t21

t51

ðz 2 ytÞ 1 lnðH1Þ: (4)

Multiplying out the two terms in the sum gives a quadratic in t (experience).
But Mincer and Polachek (1974) immediately noted that the assumption

of continuous work was inappropriate for women and replaced it with the
assumption (using notation different from theirs and simplifying) that

rkt 5 2ht 1 ftEt, (5)

where Et is a binary employment indicator and where t is now an indicator
of potential, not actual, experience (i.e., age minus the school-leaving age).
Depreciation occurs during nonwork periods at the rate ht. The human cap-
ital accumulation function is consequently

lnHt 5 o
t5t21

t51

ð2ht 1 ftEtÞ 1 lnH1: (6)

With themarket wage rate equal toHt times the rental rate on human cap-
ital, this is in principle an estimable equation, requiring a full set of potential
experience dummies and a separate coefficient on employment at each level
of potential experience.WhileMincer and Polachek emphasized that the pa-
rameter ft, representing the amount of human capital investment at each t,
should depend on the types of jobs that women take, particularly during
the child-bearing years, and on the human capital investment content of
those jobs, we shall simplify and just assume a parametric quadratic profile
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for ft, in the same spirit as the original Mincer model. A quadratic profile is
consistent with a high ft at early ages, before children arrive and women are
working and investing in their human capital; a low ft in the middle years,
when young children are present and women are either not working or
working part-time jobs with smaller human capital content; and a higher
ft at later ages, after the children have grown older or left the home and
women have returned to work and to investing in skills.2

With a quadratic profile for ft and an assumption that depreciation is
constant, we have

ht 5 h, (7)

ft 5 b 1 gt 1 wt2, (8)

which generates the wage equation

lnWt 5 a 2 hðt 2 1Þ 1 b o
t5t21

t51

Et 1 g o
t5t21

t51

tEt 1 w o
t5t21

t51

t2Et: (9)

Wages are a function of total work experience only ifEt 5 1 for all t, which
does not hold for women. The impact of past work on current human cap-
ital and wages depends, instead, on when the work occurred during the life-
time since a different quantity of investment is made at different ages, which
implies that total investment will be different if total years of work experi-
ence are held constant but the investment takes place at different times.With
the quadratic assumption on the investment profile in equation (8), wages
will be cubic in t if w ≠ 0.

A. Identification of Experience Effects with Business Cycles

Our empirical model of the effect of experience on wages can be written
in econometric terms as

lnWit 5 a1 ht1bEXPit 1gEXP
∼

it 1wEXP
≈

it 1Xitv 1 eit (10)

for a sample i 5 1, ::: ,N observed at potential experience periods t 5
1, ::: ,T andwhere EXP, EXP

∼
, and EXP

≈

are total, t-weighted, and t2-weighted
summed experience, respectively, as defined in equation (9), and where an
2 Attanasio, Low, and Sanchez-Marcos (2008) allow human capital investment to
decline linearly with age, while Olivetti (2006) allows it to be quadratic in age.
Olivetti also allows it to be a function of hours of work, not just whether working
or not (as does Altug and Miller 1998). We will test below for whether investments
are greater for full-year and part-year work to allow both hours and employment to
affect wages. In an important early paper, Light and Ureta (1995) estimated a log
wage equation for women that had lags in the amount of work prior to the current
period, allowing separate coefficients on each lag.
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additional vector of conditioning characteristics Xit and a disturbance eit
have been added.3 The variable t is years since the beginning of work,
and as we describe below we will define it as age minus 25, meaning that
age is controlled in the regression (it picks up h, the rate of depreciation
when not working).
Wewish to estimate the experience parameters b, g, and w using variation

in experience induced only by business cycle variation.4 We start by speci-
fying a reduced-form first-stage equation:

E*
it 5 m 1 pBit 1 Xitl 1 nit, (11)

Eit 5 1ðE*
it > 0Þ, (12)

where Bit is a measure of the business cycle for individual i at potential ex-
perience period t. This first-stage equation can be estimated for all t, but for
two-stage estimation of equation (10) at any given t, only the equations for
t 5 1, ::: , t 2 1 are needed (and the predicted values need to be summed
and weighted to generate the EXP variables in eq. [10]). As in textbook ver-
sions of these models, eit and nit may be freely correlated for all t and t, but
Bit is assumed to be distributed independently of all eit. Consistent estimates
of the parameters b, g, and w can be estimated by a conventional two-stage
procedure.
Using only the business cycle variablesBit to identify the parameters b, g,

and w requires that all Xit for t 5 1, ::: , t 2 1 be included in Xit in equa-
tion (10). ButXit in equation (11)must include the education level, industry,
occupation,marital status, numbers and ages of children, and similar variables
measured at the same time as the employment decision, not at the later age
when wages are measured. Including all such lifetime historical variables in
equation (10) is infeasible.5 We shall instead, when predicting employment,
hold the variables inXit constant at their cohort means for each observation,
allowing only the individual-specific history of business cycles to identify
the coefficients on experience.We provide exact details on our instrumental
variable (IV) procedure in the next section.
The nature of our projection exercise is to use estimates of themodel from

pre-COVIDdata to project impacts of the 2020 pandemic recession on 2021
hourly wages. We first use the actual business cycle variables in 2020 and
project the impact of those variables on women’s work experience in 2020
3 Both a and h are slightly redefined.
4 Work experience can be endogenous for many reasons, with perhaps the oldest

argument that unobserved ability is in the error term and is correlated with past
work. Eckstein and Wolpin (1989) were perhaps the first to note this in a formal
econometric model, although a quadratic in total experience was used. Even though
endogeneity is not the immediate motivation for our use of business cycle variation
to induce variation in experience, it can be viewed as addressing that issue.

5 Education and race are time invariant inourX vector, but the rest are time varying.
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and then on their 2021 wage rates.We then repeat the exercise assuming that
the 2020 business cycle had instead remained at its 2019 level. The difference
in projected wages represents the estimated impact of the pandemic on
women’s human capital one year out. We extend the exercise to impacts
on 2022 wage rates in an additional exercise.

III. Data and Equation Specification

We select women in the PSIDwhowere 25–54 in 1990 or after. The latest
release we use is 2017 and is therefore thefinal year of data.We begin at 1990
because that allows us to trace the histories of employment (and industry,
marital status, etc.) of almost all women in our sample back to age 25
(1968 is the first year of the PSID).We begin at age 25, because most women
had completed school by that age, and stop at age 54, before retirement has a
major impact on employment.6 Importantly, we select womenwith less than
a college degree for our analysis because, consistent with past work, prelim-
inary analysis indicated little if any impact for college-educated women.
Hourly wages are computed as last year’s annual earnings divided by last
year’s annual hours worked, whichwe put into real 2010 personal consump-
tion expenditure dollars. Our sample size of hourly wage observations is
13,315 pooled over women and years, with 1,832 unique women and an av-
erage of 7.27 years per woman.7 Potential years of experience, t, is measured
as age minus 25. Data construction details appear in online appendix B.
As shown byAlbanesi and Kim (2021) and Albanesi (2022), the impact of

the recession onwomen’s employment varied dramatically bymarital status
and the presence of children. Reductions in employment at the beginning of
the pandemic were greatest for unmarried mothers and unmarried women
without children present, for example. We therefore stratify by marital sta-
tus and the presence of children in the model and estimate the model, both
equation (10) and equations (11) and (12), separately for four groups (mar-
ried and unmarried women, with and without children).8 We measure these
family structure variables as of the interview date (and hence represent
women by their current marital status and presence of children, not by their
status at previous ages, which is often different).
6 We could start the lifetime at the first year after school completion, but we
would need to go further back beyond 1968 in that case.

7 After 1997, the PSID went to every-other-year interviewing. Our sample of
wage observations includes only every other year after 1997. The PSID interview
does ask earnings questions two years back, but after an inspection of those reported
values and discovering anomalous values inconsistent with the values at the prior
interview, we chose not to use them.

8 This requires the assumption that those family structure variables are exogenous,
but a similar assumption is made in much of the literature on women’s labor supply,
and treating those variables as endogenous is beyond the scope of the exercise.
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For thefirst-stage employment equation in equations (11) and (12),we de-
fine an employment indicator for whether the woman worked more than
1,600 hours per year, chosen to proxy full-year work, which, based on past
work showing low wage payoffs to part-year work, we expect to have more
of a human capital impact. But we conduct sensitivity tests to this definition
as well as estimate models with part-year and full-year work distinguished.
We estimate the equation on all observations with a valid employment var-
iable in the year in question. We have 35,981 observations on employment
pooled over years and women. Our annualized employment rate averages a
little over 50%.
For the key business cycle variables in the first-stage employment equa-

tion, we use four variables, three of which are state specific. The four are the
state unemployment rate, the log of total state employment per capita, the
log of state employment per capita in COVID-impacted industries (which
we henceforth call “COVID employment”), and a binary indicator for a na-
tional recession year, where the fourth is defined as equal to 1 if themajority
of the year was in a National Bureau of Economic Research (NBER)–de-
fined recession. COVID-impacted industries are those shown in other
work to have been heavily affected by COVID, namely, leisure and hospi-
tality, transportation and utilities, other services, wholesale and retail trade,
and education and health. While we do not enter year fixed effects for sam-
ple size reasons, we enter a year trend, implying that the effects of the first
three variables will arise from cross-state variation and the fourth (the reces-
sion indicator) is identified from deviations from trend.
Figure 1 shows the time series pattern of our business cycle variables, us-

ing national averages for the three state-specific variables andwith recession
years noted by shading (the two employment variables are measured as
deviations from trend). All four variables are correlated in the expected way,
but the exact patterns differ for each. The unemployment rate and employ-
ment variables have variation that does not exactly coincide with NBER
recession years, and they are not perfectly aligned with each other. Using
all four consequently may pick up additional variation.9 Of particular inter-
est are theCOVID and total employment variables, whichwhile highly pos-
itively correlated vary in their relationship over time.10 This variation (albeit
at the state level in our regressions) allows us to estimate the separate impacts
of COVID employment and total employment on women’s individual em-
ployment outcomes.
9 Also, variation in the unemployment rate holding employment fixed will pick
up labor force effects.

10 Because COVID employment is necessarily smaller in magnitude than total
employment, the magnitude of its cyclical variation is smaller than that of total
employment.
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We use reported industry and occupation to construct three COVID-
related variables for each woman for the employment equation. The first
is whether she worked in a COVID-impacted industry, which we define
using PSID codes for the same industries noted above. We also use PSID
occupation codes to create an indicator for working in a telecommutable
occupation and in a high-contact occupation, drawing on the occupations
identified as having more than 25% commutable jobs and high-contact oc-
cupations by Alon et al. (2020a) and Albanesi and Kim (2021). We interact
these industry and occupation variables with the business cycle variables to
determinewhether the effect of business cycles depends onwhether awoman
is in aCOVID-related industry or occupation,whichwill allowus to project
differential impacts of the pandemic along those dimensions.
For the rest of theXit vector in the employment equation,we construct var-

iables for the age of the youngest child for women with children and also a
variable for the husband’s annual earnings for married women, which we al-
low to affect thewife’s employment.11We interact the child age variableswith
the business cycle variables to determine whether womens’ employment
FIG. 1.—National business cycle variables. “COVID Employment” is employ-
ment in COVID-impacted industries. The left vertical axis represents deviations
from a linear trend for both employment variables. Source: US Bureau of Labor
Statistics.
11 To address potential endogeneity of husbands’ earnings, we estimate what we
call a zeroth-stage equation for that earnings variable, which includes all variables in
the women’s employment equation—including the same business cycle variables—
plus the husband’s years of education, for identification.
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response to a downturn depends on the age of her children (we will also use
this interaction variable in a later analysis of school and childcare provider
closures). We also add a race variable for nonwhite women and test for in-
teractions between it and the business cycle variables as well.
With the employment equation estimated, we estimate the second-stage

log wage equation in equation (10) using predicted experience variables over
each woman’s history back to age 25. To ensure that the experience coeffi-
cients in the wage equation are identified solely from variation in eachwom-
en’s history of business cycle variables and when they occurred in her life-
time, we predict employment at each past age using means of theX variables
for each woman taken over all observations for her cohort and family struc-
ture (i.e.,marital status andpresence of children category). Because age, year,
and family structure are in thewage equation, then, conditional on those var-
iables, predicted employment will vary only because women in that cohort
in that year had differing business cycle histories. We term this procedure
Cohort IV.12

We test for selection into the wage sample by entering a traditional selec-
tion bias term in the wage equation. The selection bias term is constructed
from the first-stage employment equation, but it uses current values of the
business cycle variables (which affect the current probability of working)
and not the past variables, which enter the prediction of the experience var-
iables and hence is identified from that difference. We jointly bootstrap all
three equations (zeroth stage, first stage, and second stage) to obtain stan-
dard errors.
Tables A1 and A2 show the means of the variables used in the analysis.

IV. Results

The first-stage estimates of the employment equation, equations (11) and
(12), are shown in table 1.13 The business cycle variables generally have ex-
pected signs but vary in significance across family structure groups, with
married women more sensitive to the total employment level and the reces-
sion indicator and with unmarried women more sensitive to the unemploy-
ment rate.Wewill show suggestive evidence below that the negative effect of
12 To give an example, for a wage observation for a woman who is age 35 in 1980
and married with children at that time, her past employment history is predicted
using the actual business cycle variables at each past age and year going back to
age 25 but using the means of the X variables at each past age and year (including
family structure at each) taken over all women who were married with children in
1980 and age 35 in that year. Thus, all women in the wage equation of a particular
age, year, and family structure will have predicted experience variables that vary
only from their business cycle variation.

13 The zeroth-stage estimates for spousal annual earnings are shown in table A3.
The spousal earnings variable in table 1 is predicted from that equation. We should
also note that we use ordinary least squares (OLS) rather than probit in this first
stage for simplicity of interpretation of the estimates.



Table 1
Employment Equation

Married Unmarried

Mothers Childless Mothers Childless

Unemployment rate 2.004 2.002 2.029*** 2.009**
(.003) (.005) (.006) (.004)

Log per capita COVID employment 2.292 2.450* .004 2.561***
(.186) (.234) (.251) (.200)

Log per capita total employment .500** .592* 2.454 .272
(.230) (.333) (.334) (.262)

Recession indicator 2.016** 2.031** 2.023* 2.030***
(.007) (.013) (.013) (.011)

Employment COVID � COVID-impacted
industry .195 .363 .008 .399*

(.200) (.251) (.257) (.216)
Employment total � COVID-impacted
industry 2.073 2.142 .244 2.267

(.266) (.316) (.320) (.297)
Employment total � occupation can
telecommute >25% 2.036 .019 2.289** .188

(.116) (.176) (.142) (.129)
Employment total � nonwhite 2.265 2.352 .122 2.031

(.189) (.392) (.164) (.199)
Employment COVID � youngest child
ages 6–12 2.313** 2.320

(.144) (.200)
Employment COVID � youngest child
ages 13–17 2.141 2.511**

(.203) (.248)
Employment total � youngest child ages 6–12 .178 .578**

(.197) (.249)
Employment total� youngest child ages 13–17 2.512* .722**

(.290) (.324)
Unemployment � youngest child ages 6–12 2.007 .010

(.005) (.008)
Unemployment � youngest child ages 13–17 2.025*** .012

(.007) (.010)
COVID-impacted industry .163 .375 .180 .381**

(.157) (.239) (.225) (.189)
Occupation can telecommute >25% .043 .097 2.141 .202*

(.096) (.140) (.118) (.108)
High-contact occupation .005 .002 2.00001 2.003

(.018) (.025) (.026) (.026)
Nonwhite 2.199 2.294 .088 2.027

(.164) (.321) (.134) (.165)
Age minus 25 .001 2.008*** .008*** .029***

(.001) (.001) (.001) (.001)
Year 2.002** 2.002** .003*** 2.003***

(.001) (.001) (.001) (.001)
Youngest child ages 6–12 2.236** 2.066

(.114) (.196)
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-

-

.

total employment for unmarried mothers is a result of an increase in part-
year employment and a decrease in full-year employment.
The effect of COVID employment is negative for three of the four family

structure groups, but because total employment appears elsewhere in the re-
gression, it must be interpreted as the effect of increasing employment in
COVID sectors but simultaneously decreasing it in non-COVID sectors.
That the net effect is often negative implies that more women are affected
by the latter than by the former. To differentiate these effects, we interact
the COVID employment variable with whether the woman herself is in a
COVID-impacted industry. The interacted coefficient is positive for all
family structure groups (but of low levels of significance for three of them),
consistent with the interpretation that an increase in aggregate COVID em-
ployment in the state has a greater effect on women who are in the affected
industries. This necessarily means that a decrease in employment in those
specific industries also has a more negative effect on those who are in the in-
dustries, which will affect our COVID projections.
We tested a number of additional interactions of the four business cycle

variables with other variables in the regression in a variety of specifications.
Table 1 shows only those that were consistently statistically significant at
conventional levels for women of at least one family structure or that are
of independent interest. Increases in total state employment has less of a pos-
itive impact on women in telecommutable occupations but at low levels of
significance for more women, less of a positive effect for nonwhite married
women relative to white women (again at low levels of significance), and
more likely a positive effect on unmarried mothers with older children (rel-
ative to the omitted category of having a child 0–5) but less of a positive effect
Table 1 (Continued )

Married Unmarried

Mothers Childless Mothers Childless

Youngest child ages 13–17 2.366** 2.233
(.175) (.233)

Predicted log(1,000 1 spouse earnings) 2.124*** .047
(.045) (.064)

Constant 29.271*** 24.021 .371 5.776**
(1.713) (2.521) (2.313) (2.350)

Observations 17,140 7,433 5,727 5,681
Mean of dependent variable .42 .60 .63 .70
Median F-statistic 17.12 11.01 10.50 9.09
NOTE.—OLS. Standard errors are calculated by bootstrapping with 500 replications. “Employment to
tal” is log per capita total employment. “Employment COVID” is log per capita COVID employment, and
“Unemployment” is the unemployment rate. “Median F-statistic” is the median of F-statistics for the co
efficients involving business cycle variables over the bootstrapped draws. Predicted spousal earnings come
from the zeroth-stage estimates, where the dependent variable is log(1,0001 spouse earnings) in real terms
* p < .10.
** p < .05.
*** p < .01.
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on married mothers with older children. The lack of a significant impact of
telecommutable occupations for most women may simply be a result of
those occupations not having been telecommutable historically, so we con-
duct a sensitivity test to this below. An increase in COVID employment has
less of an impact on mothers with older children. The unemployment rate
has a greater negative effect on the employment of married mothers with
older children.
Estimates of the second-stage log wage equation, equation (10), appear in

table 2 for the four family structure groups separately (keeping in mind that
the effects are forwomen currently in that group, even if having transitioned
into it from a different group earlier).14 While the individual coefficients on
the three experience variables are often insignificant at conventional levels,
they are jointly highly significant for all three family structure groups ex-
cept for unmarried mothers, who have no significant curvature in their ex-
perience profiles and have constant returns. The positive, negative, and pos-
itive signs on the first, second, and third experience variables for three of the
family structure groups are consistent in sign with the cubic in experience
hypothesized above. Under the Mincer interpretation, these signs imply
that investments are high at young ages and decline as women grow older
but that the rate of decline slows or even reverses at older ages.15

The derivative of the log wage equation with respect to potential experi-
ence (ageminus 25) is of most interest. Figure 2 shows the implied estimated
returns to one additional year of age by family structure group. The figure
shows that despite the joint significance of the three experience coefficients
for three of the groups, estimated rates of return are not too far from line-
arity, especially for married mothers, whose returns fall essentially linearly
with age. There is second-order curvature for both groups of childless
women, but it is mild, implying that investments continue to decline at older
ages but at a slower rate (and, in fact, the curves essentially flatten out at the
end).16 Keeping in mind that these curves are identified by business cycle
variation in past recessions, the curves imply that the greatest losses of hu-
man capital will occur when married women (both mothers and childless)
are young and when married childless women are older, for these are when
investments appear to be the largest. The much lower and flatter effects for
unmarried mothers may be because those women are often very unskilled
14 The selection bias term has a very high standard error in all wage specifications
and is consequently not included in these and the other wage equation estimates re-
ported below.

15 We note that the coefficient on age is negative for three of the groups, although
it is low in significance for two of them. A negative sign is consistent with depre-
ciation of human capital during periods of nonwork in the Mincer model.

16 Online appendix table 1 shows wage equation estimates when the third, cubic
term is dropped.Online appendix table 2 shows the impliedwage impacts, to be com-
pared with those for table 3.
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and have jobswith very little human capital accumulation content at all ages.
This implies that their wage losses from cyclical downturns are likely to be
small, with very little loss of human capital.17

While we are most interested in these short-run impacts of business cy-
cles on women of different family structures at the time of the cycle—that
is, one or two years out from the recession, holding their family structure
fixed—it should be noted that the effects shown in figure 2 are not life cycle
profiles because women change their family structure as they age, as noted
Table 2
Wage Equation

Married Unmarried

Mothers Childless Mothers Childless

Total experience .137*** .100** .001 .040
(.043) (.042) (.045) (.038)

t-weighted experience 2.009 2.003 .002 2.004
(.009) (.004) (.005) (.003)

t2-weighted experience .0001 .0001 2.0001 .0001
(.0004) (.0001) (.0002) (.0001)

Age minus 25 2.002 2.043** .007 2.005
(.005) (.020) (.019) (.029)

Year .005*** .004 .003* .005**
(.002) (.003) (.002) (.002)

Nonwhite 2.149*** 2.246** 2.140*** 2.128**
(.050) (.107) (.041) (.060)

Youngest child ages 6–12 2.040* .046*
(.023) (.027)

Youngest child ages 13–17 .028 .062*
(.035) (.037)

Constant 27.811** 25.796 23.506 27.861*
(3.596) (5.758) (3.064) (4.417)

Observations 5,230 2,998 2,472 2,615
Mean of dependent variable 2.59 2.74 2.60 2.75
17 A useful comparison to o
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earlier. Mean life cycle returns can instead be approximated by weighting
the effects at each age in figure 2 by the fraction of women in each family
structure at each. Figure A1 shows the result of that calculation. Returns de-
cline over time but flatten out at older ages, which is mostly a result of a
gradual movement to the married childless category with its relatively high
level of investments.
We project the short-run impact of the 2020 pandemic recession on 2021

wages for each separate family structure group by first predicting the em-
ployment impact for the 2017 sample of that recession from table 1, using
the 2020 values of the business cycle variables and then using those to esti-
mate the impact on wages from the resulting changes in employment from
table 2. For the counterfactual impact, we repeat the exercise using the
2019 values of the business cycle values to project wage levels that would
have occurred if the business cycle had stayed at its 2019 level in 2020.
The results are shown in table 3, panel A.All net wage impacts are negative

but modest in magnitude, always less than 1%. The largest impacts are those
for the two groups of married women, while those for unmarried women are
much smaller and those for unmarriedmothers are effectively zero (as a result
of the very low rate of investments shown infigure 2 and despite their having
the largest employment losses). Unmarried childless women have slightly
greater rates of investment than unmarriedmothers but also smaller employ-
ment losses.We emphasize that these are mean impacts across women of dif-
ferent ages and hence are weighted averages of the effects shown in figure 2.
FIG. 2.—Derivative of the log wage equation with respect to potential experience (t)
by family structure.
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Women of different family structures have different age distributions, which
will affect these means. In our heterogeneity section below, we will show
wage impacts by age, which will line up more closely to the curves in fig-
ure 2.18

While our main interest is in the pandemic, we also estimate projected
wage impacts for the Great Recession and the 1991 recession. We use the
same method, projecting wage losses one year into the recession with the
Table 3
COVID Wage Projection

A. Effect through Business Cycle Variables

Married Unmarried

Mothers Childless Mothers Childless

Hourly real wage:
Actual mean wage 20.94 16.73 14.90 17.22
Counterfactual mean wage 20.99 16.81 14.90 17.23
Mean percent change 2.259 2.497 2.028 2.100

Predicted experience:
Actual mean 7.05 10.93 6.83 10.50
Counterfactual mean 7.11 10.99 6.93 10.56
Mean percent change 21.346 2.919 22.661 21.291

B. Additional Effects of Childcare/School Closures

Mothers

Married Unmarried

Hourly real wage:
Mean wage under childcare/school closures 20.963 14.905
Counterfactual mean wage 20.989 14.905
Mean percent change 2.132 2.003

Predicted experience:
Mean under childcare/school closures 7.088 6.921
Counterfactual mean 7.114 6.928
Mean percent change 2.544 2.241
18 But because the impact o
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counterfactual calculation holding the business cycle variables fixed at their
values the year before the recession.As shown in online appendix table 4, the
negative wage impacts are generally somewhat smaller than in the pandemic.
While there were some differences in the characteristics of the women in
those years (state distribution, age, industry and occupation, etc.), the main
reason for the difference is that the business cycle one year into those reces-
sions was less severe than in the pandemic.
Heterogeneity.—These projected impacts are at the mean of all of the var-

iables in the model—age, state of the business cycle in the state of residence,
industry and occupation affiliation, ages of children, and the other variables
in the model. As we will show in this section, the modest mean market wage
impacts we project mask significant heterogeneity. An overall sense of het-
erogeneity is shown in figure 3, which shows the distribution of percent
wage impacts across the sample for all four family structure groups.19 Mar-
ried women have a wide spread of impacts, with a left tail including impacts
between 1% and 2%, much greater than those at the mean shown in table 3.
But unmarried women have the smallest heterogeneity, with effects relatively
concentrated around the mean.
The sources of this heterogeneity can be seen by isolating its several di-

mensions. Figure 4 illustrates heterogeneity of impact by the differing busi-
ness cycle impacts in the state of residence, showing differences by the level
of the state unemployment rate, the level of total employment per capita, and
the level of COVID industry employment per capita, in each case showing
the net impact of the pandemic for women with values below and above the
median. Figure 4A shows that living in a state with an above-median increase
in the unemployment rate is projected to have a large impact onmarketwage
declines, with wage losses for married women almost double those for women
living in states with below-median increases in unemployment and about
50% larger for unmarried childless women (but no effects for unmarried
mothers in any of these figures). For total employment (fig. 4B), wage de-
clines are again much larger for the same groups of women living in states
with below-median growth in employment, although the magnitudes are
smaller for unmarried childless women. Figure 4C shows impacts specifically
for women living in states with larger or smaller declines in COVID em-
ployment, showing larger negative impacts on wage rates for married women
living in states with below median growth in employment in those indus-
tries. But the impact for unmarried childless women does not appear and
is slightly positive, which we interpret as near zero.
Possibly more interesting is heterogeneity by age, employment in a

COVID industry, and age of the youngest child, shown in figure 5A–5C.
19 This distribution is not a result of sampling error or imprecision of the param-
eter estimates but entirely the result of variation in the observables in the model.
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For married mothers, the projected negative impacts of the pandemic on
market wage rates are largest for mothers at young ages and fall to zero
for older women (fig. 5A).20 Human capital investment is highest at younger
ages, and this is responsible for their larger recession-induced losses. The ef-
fects formarried childless women are quadratic, higher at younger and older
ages than in themiddle ages. As noted above in connection with figure 2, in-
vestment is high at older ages for married childless women and not just at
younger ages. The impacts for unmarried women are small at all ages. The
negative impact of the pandemic on the wage rates of married womenwork-
ing in industries impacted by COVID is projected to be slightly larger than
for those working in other industries (fig. 5B), but the difference is quite
small for unmarried childless women and essentially zero for unmarried
mothers. These results are consistent with the pattern of impacts already dis-
cussed. About 60% of women in all four family structure groups work in
COVID-impacted industries (table A2), so the larger impacts for those
working in such industries pushes up mean impacts nontrivially. Figure 5C
shows projections of wage impacts of the pandemic by the age of the youngest
FIG. 3.—Distribution of projected COVID wage effects by family structure.
20 A few of the impacts for older women are positive, which is a result of extrap-
olation of the marginal returns relationship to regions where that return is slightly
negative. We interpret these impacts as effectively zero.
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child for women with children. The negative impacts decline monotoni-
cally with the age of the youngest child for married mothers but are near
zero for unmarried mothers.
Childcare and school closures.—There has been much discussion of the

impact of school closures and closing of childcare facilities on mother’s em-
ployment, as noted in the introduction.21 Neither is easily captured histor-
ically with the PSID. While the PSID does ask questions about the use of
childcare, showing that about one-quarter of mothers use it, a propermodel
capable of projecting the impact of pandemic childcare closures would re-
quire modeling the historical availability of childcare to PSID mothers in
their locations (so that reductions in that availability could be estimated),
which is beyond the scope of this project. The impact of school closures
is even less capable of being captured historically, as the closing of schools
during recessions has not occurred on any scale in the recent past.
To project the impact of childcare closures for preschool children and the

impact of school closures, we draw on the recent literature on the causal im-
pacts of those events on maternal employment in the pandemic (Heggeness
2020; Russell and Sun 2020; Garcia and Cowan 2022; Hansen, Sabia, and
Schaller 2022). For the impact of childcare closures on mothers of chil-
dren 0–5, we draw on Russell and Sun (2020), who found mandatory child-
care closures by September 2021 to have reduced mothers’ employment by
2 percentage points. The authors found no differential impacts by education
but did not disaggregate bymarital status, so we assume the impact to be the
same for married and unmarried women.22 Childcare closures were more
FIG. 4.—COVID wage effects for alternative state business cycle variables by
family structure.
21 See Zamarro and Prados (2021) for a detailed study of childcare duties assumed
by married mothers in the early months of the pandemic.

22 The authors only estimated the impact of closures on unemployment, but they
found no impact on labor force participation. With an assumed fixed labor force
participation rate of 0.75, the increase in the unemployment rate of 0.027 found
by the authors corresponds to a 0.02 decrease in the employment rate. A revised
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widespread than mandatory closures, so we conduct sensitivity tests using
larger impacts of closures in the next section.
For school closures, we draw onHansen, Sabia, and Schaller (2022), who

studied the impact of school reopenings fromMay 2020 to September 2021,
finding them to increase married mothers’ employment by 2.4 percentage
points for low-educatedmothers of children 6–11 and 4.5 percentage points
for low-educatedmarriedmothers of children 12–17. They found no effects
on unmarried mothers. The latter is not entirely plausible, so we again con-
duct sensitivity tests to this result in the next section. Heggeness (2020)
found larger impacts, but only for women pooled by education and marital
status. We model only school closings and assume they occurred in 2020
and had the opposite effect as school reopenings.
Table 3, panel B, shows the resulting incremental, additional projected im-

pacts of childcare and school closures on experience and on market wages.
The experience impacts are weighted averages of impacts for women with
children of different ages. The wage impacts for married mothers are about
half the size of the baseline wage impacts in table 3, panel A, implying a 50%
increase in those impacts from school and childcare closures. For unmarried
mothers, however, the wage impact is negligible both because the study ref-
erenced above found no employment effects of school closures for them and
because of the low impact of job losses on wages for those women, already
discussed. For the former, see the sensitivity test below. Figure 5D shows
effects broken out by the age of the youngest child graphically, finding
FIG. 5.—COVID wage effects by age of the woman, industry of employment,
and age of the youngest child and incremental effects from childcare and school clo-
sures by age of the youngest child.
version of this work (Russell and Sun 2022) found larger effects for unmarried
women and low-income mothers, although imprecisely determined. Our sensitiv-
ity tests below gauge the impact of increasing the estimates of these effects.
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the largest negative wage impacts to have occurred for mothers with the
youngest children.

V. Sensitivity Tests and Extensions

A. Sensitivity Tests

Hours cutoff.—We conduct a number of sensitivity tests to the baseline
specification reported in the previous section. The results of all tests are re-
ported in table 4. First, we test the sensitivity of the results to the 1,600-hour
annual cutoff for full-year employment. Awomanworking 40 hours a week
would be at that cutoff if sheworked 40weeks in the year and spent 12weeks
not working. It is possible that women not working for 12 weeks in the year
could have smaller reductions in employment and hence wage impacts from
a recession. We test a cutoff of 1,800 hours as a rough way to test this pos-
sibility (but the employment rate drops only from about 50% to 47%when
we use this higher cutoff). On the other hand, counting only 50%ofwomen
as employed leaves out a number of women who have substantial commit-
ment to the labor force, whose employment could easily also be affected by
downturns. We therefore also test a threshold of 1,400 hours to assess the
sensitivity of our results to this lower cutoff as well.23

The first row of table 4 shows the baseline estimates using the 1,600-hour
cutoff, and the second and third rows show estimates using 1,800 and
1,400 hours, respectively. The negative wage impacts are slightly greater
for the 1,800-hour cutoff. These results support the hypothesis that women
working longer hours in the year, at least at the top of that distribution, are
making larger human capital investments and hence suffer slightly greater
losses of human capital from recessions. Interestingly, for three of the four
family structure groups, using a 1,400-hour cutoff also has a greater effect
than those for the baseline. The lower-hours cutoff begins to approach what
manywould characterize as the part-year range, so we revisit this topic again
below in a more direct examination of part-year work and offer an explana-
tion for this finding.
Occupation effects.—Ourbaseline results show that increases (decreases) in

state employment have less of a positive (negative) impact on employment for
women in telecommutable occupations but at low levels of significance (ta-
ble 1). As a sensitivity test based on fairly arbitrary grounds given the lack
of evidence, we increase the size of the interaction coefficients between
employment and telecommutable occupation by 10% to gauge the sensi-
tivity of mean wage impacts to this factor.24 With 57% of the sample in
23 Online appendix fig. 1 shows the distribution of annual hours for women of
different family structures. Depending on the family structure category, about 10%
to 15% of women fall into the 1,400-to-1,800 interval.

24 We set the interaction coefficient for unmarried childless women at 20.10,
about the mean for the other three groups.
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telecommutable occupations (table A1), this is a reasonable test of whether
major changes in wage rate effects would occur. However, we also arbi-
trarily set the coefficient on an interaction between state employment and
being in a high-contact occupation to 10.10, in the same range as those
for the telecommutable occupations. This will increase negative impacts of
a recession on women who are in such occupations. However, only 28%
of women are in these occupations, so the impact should be smaller overall.
The fourth row of table 4 shows the results. The net effect of the telecom-

mutable and high-contact adjustments is to make the negative wage effects
smaller than in the baseline for all women exceptmarriedmothers, forwhom
there is no discernible impact. This suggests that the telecommutable effect
for women in those occupations, which reduces the negative wage impact,
outweighs the effect of being in a high-contact occupation. For married
mothers, the high-contact effect equals the telecommutable effect.
Childcare and school closures.—We previously noted two limitations in

the past work on childcare closures and school closures we used to estimate
their impacts on employment of mothers during COVID. One was that the
study of childcare closures only used information on government mandatory
closures, which likely underestimates the impact since many childcare clo-
sures were voluntary. To gauge the sensitivity of the estimates in this respect,
we increase the impact of childcare closures for mothers whose youngest
child is 0–5 by 50%. The other limitation was the finding that unmarried
Table 4
Mean Percent Change in Hourly Wages under Alternative Specifications

Married Unmarried

Mothers Childless Mothers Childless

Employment definition:
Projection for 1,600 hours (baseline) 2.26 2.50 2.03 2.10
Projection for 1,800 hours 2.28 2.65 2.04 2.25
Projection for 1,400 hours 2.29 2.61 2.11 2.06

Occupation effects 2.26 2.50 2.03 2.10
Childcare and school closures:
Baseline closures 2.39 2.03
More childcare/school closures 2.42 2.04

Childcare/school closures by age of children:
Baseline closures:
Youngest child ages 0–5 2.46 2.06
Youngest child ages 6–12 2.34 2.02
Youngest child ages 13–17 2.34 2.00

More childcare/school closures:
Youngest child ages 0–5 2.54 2.07
Youngest child ages 6–12 2.34 2.03
Youngest child ages 13–17 2.34 2.01
NOTE.—“Employment definition” tests different cutoffs for defining employment in the year. “Occupa-
tion effects” tests the impact of larger telecommutable effects.
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mothers were not affected by school closures at all. As a sensitivity test, we
use estimates for single mothers’ employment response to school closures
fromGarcia andCowan (2022), who found a negative and significant impact
for that group.
Table 4 shows the baseline impacts of childcare and school closures in

row 5 and the new set of estimates for the row labeled “More childcare/
school closures.” Negative impacts on mothers’ wage rates increase, but
by only a small amount. In the rows thereafter, we break the impacts down
by age of child. Here we see that the only detectable changes are those for
children 0–5. Based on these results, we conclude that reasonably modest
deviations of our baseline projections of the impact of childcare and school
closures would not significantly affect our baseline estimates of human cap-
ital losses for mothers.

B. Part-Year Work

Our baseline analysis attempted to restrict the analysis to the impact of
COVID on wages of near-full-year workers. Our sensitivity tests reported
in the last section indicated that an even tighter definition of full-year work
produces somewhat larger negative wage impacts, supporting the presump-
tion of greater impacts. But the impact of recessions on part-yearwork—and
consequent projections of the impact of COVID, which includes such ef-
fects—is of independent and important interest.
We briefly examine this issue by including a category for part-year work,

estimating how recessions affect it, how those part-year employment effects
impact wages, and whether this changes our projected COVID wage im-
pacts. We define part-year work as having annual hours between 300 and
1,600, with nonwork now defined as less than 300 hours. We estimate
first-stage equations for part-year and full-year work separately, as a func-
tion of the same business cycle andother variables as in the baseline, and then
reestimate our wage equations with one additional variable, total years of
part-year work over the lifetime as of time t 2 1 (year before the wage ob-
servation), not allowing for effects at different ages for simplicity. The first-
stage part-year and full-year employment equations (not shown) reveal that
part-time work often increases in recessions, which would not be surprising
if many workers move from full-time work to part-time work. Many of the
positive effects of employment on part-year work are also smaller in magni-
tude than for full-year work.
Online appendix table 5 shows estimates of the wage equation with total

years of part-year work experience added. For all family structure groups
except married mothers, increases in part-year work decrease, not increase,
wage rates, but at very low levels of precision. Even though we cannot rule
out the possibility that the data do not have the power to detect effects at a
high enough significance level, the negative effects of part-year experience
are consistent with the widespread view in the literature that part-year work
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has little or no human capital content. For the sake of completeness, we also
conduct wage projections with the results shown in online appendix table 6.
For all groups, recessions have a positive impact on part-year work and, for
both groups of unmarried women, the negative wage impacts are quite a bit
higher than in our baseline, especially for the unmarried mothers whose ef-
fects have been effectively zero heretofore. The larger wage impacts arise
from the movement to part-time work, which has negative effects on wages.
These findings are only suggestive and deserve attention using datasets with
more power or more precision.

C. Industry and Occupational Mobility

The COVID pandemic recession has been characterized by relatively
high rates of industry and occupational mobility. The role of that mobility
in presumablymoderating wage and human capital losses is a question of in-
terest.25 A complete analysis of this question would require estimating a
model of the joint movements of wages, industry, and occupation, with all
three endogenously and jointly chosen from the offer distributions of each
type.We pursue a far less ambitious exercise by simply estimating the rate of
industry and occupational mobility that has occurred over past recessions
and relating that to the same business cycle indicators and COVID-related
individual industry and occupation status of the individual. We then follow
the same counterfactual exercise as we have conducted for wages to project
the impact of the pandemic recession on occupation and industry mobility.
We leave the role of this mobility in moderating wage declines to future
work.
To this end, we use three-digit PSID occupations to create 25 unique oc-

cupations that exhaust the space of possibilities and allow us to place all
women into one group.Wework from two-digit industries to similarly cre-
ate 13 unique industries. We then use our panel of PSIDwomen to code oc-
cupation and industry changes as a binary indicator for change from each
t 2 1 to t 1 1 as a function of business cycle variables at time t. In addition
to business cycle variables, we include all of the variables we include in the
first-stage employment equationswe have estimated for our baseline and ex-
tended specifications.
Online appendix tables 7–9 show the estimates of equations for occupa-

tional change, industry change, or both simultaneously. The results show
mixed evidence of the role of business cycles. The unemployment rate usually
(but not always) increases the probabilityof a change formost family structure
groups.A recession often has no strong effect, andwhen it is strong, it is just as
often negative as positive. Total employment, on the other hand, generally has
positive effects onmobility. COVID-impacted employment (when occurring
without a reduction in non-COVID-impacted employment) usually has a
25 We thank Joseph Altonji for suggesting this topic.
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positive impact on mobility but smaller than that for total employment.
Womenworking inCOVID-impacted industries usually havemuch smaller
probabilities of occupation or industry change, although sometimes insig-
nificant or of the opposite sign. Having children reduces the probability
of change for married mothers and increases it for unmarried mothers.
Table 5 shows the results of our usual projection exercise, plugging in ac-

tual 2020 business cycle variables and comparing the results to those ob-
tained using 2019 variables. We project declines in occupational mobility
and increases in industry mobility for married mothers, while the reverse
holds true for married women without children. These mixed results are
a result of the mixed impacts of the business cycle variables discussed in
the prior paragraph. For unmarried women, occupational mobility is pro-
jected to increase, but mixed results are obtained for industry mobility. The
percentage effects are fairly small, and we conclude that there is no indica-
tion from this analysis of a large mobility impact of past economic down-
turns and therefore projected mobility in COVID.

D. 2022 Wage Impacts

Making long-run projections of wage impacts from ourmodel would not
be particularly interesting because we would have to make assumptions
about the course of the business cycle into the future. However, we do have
actual 2021 business cycle values and canmake projections to 2022 with our
current model. The 2021 period was an expansionary period of the econ-
omy, but the labor market had still not recovered to its 2019 levels. The na-
ture of the Mincer model implies that if the counterfactual remains what
would have happened to women’s employment and wages if the recession
Table 5
Job Change Effects under Counterfactual Analysis

Married Unmarried

Mothers Childless Mothers Childless

Occupation change:
Actual median .259 .201 .372 .257
Counterfactual median .271 .192 .325 .238
Median percent change 21.124 3.125 12.529 7.766

Industry change:
Actual median .188 .153 .276 .191
Counterfactual median .187 .159 .253 .193
Median percent change 3.084 22.457 8.191 21.112

Either change:
Actual median .329 .258 .450 .323
Counterfactual median .321 .248 .397 .299
Median percent change 3.616 3.029 10.906 8.218
NOTE.—Cell entries are the probabilities of occupation and industry change under the actual 2020 busi-
ness cycle variables and the 2019 business cycle variables.
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had never occurred and if 2019 business cycle levels had persisted into 2021
as well as 2020, then the wage and human capital losses from the pandemic
recession have to grow larger. However, we should expect the additional
decline of wages to be smaller than that which resulted from the 2020 down-
turn, since the labor market had partially recovered.
The results of this simple exercise are shown in table 6. As just described,

we first project women’s employment in 2020 assuming business cycle var-
iables had remained at their 2019 values and the consequent increases in
work experience relative to what is projected to have actually happened.
We then increment work experience by the estimated additional work expe-
rience that would have occurred if 2019 business cycle levels had persisted
into 2021. We project 2022 hourly wage rates for those levels of experience.
We then first use actual 2020 business cycle levels and then actual 2021 levels
and similarly calculate implied 2022 wage rates. The differences, reported in
table 6, are slightly greater than those projected for 2021 and shown in ta-
ble 3, panel A. For married women, wage losses are about one-third greater,
while for unmarried women, with their lower returns to experience, the in-
crease is very small. Continued recovery of the labor market should conse-
quently be expected to stabilize these losses.

VI. Summary and Conclusions

Wehave reported the results of an exercise to project human capital losses
for women with less than a college degree from the pandemic recession one
year out from 2020, the worst year of the downturn, as well as extended es-
timates for 2022. We use historical variation in business cycles to estimate
employment impacts, and we use a modified form of the Mincer model to
translate those losses of experience into losses of human capital. We also
use outside estimates to project additional losses of employment and human
capital from school and childcare facility closures. We find that wage losses
one year out from 2020 are relatively modest on average, generally less than
Table 6
Wage Projections in 2022

Married Unmarried

Mothers Childless Mothers Childless

Hourly real wage:
Actual mean 21.42 16.96 15.06 17.41
Counterfactual mean 21.48 17.06 15.07 17.43
Mean percent change 2.30 2.59 2.03 2.12

Predicted experience:
Actual mean 7.61 11.56 7.47 11.12
Counterfactual mean 7.69 11.63 7.58 11.20
Mean percent change 21.33 2.93 22.32 21.15
NOTE.—See notes to prior tables.
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1%, although they are somewhat larger for married women than for unmar-
ried women and for those working in COVID-impacted industries. For
married women, losses are somewhat larger for younger married mothers,
for younger and older married childless women, and for married mothers
with older children. But school closures are also important for married
women with school-age children and increase negative wage impacts by
50%.We have also found suggestive but imprecise evidence that an increase
in part-year work projected to occur during the pandemic increases the size
of human capital losses for somewomen. Projections to 2022 show small in-
creases in wage losses for married women.
While much of the response to the pandemic can be captured historically

or from studies of specific pandemic factors (like school closures and
childcare closures), there are factors that cannot be captured. Perhaps the
most important are the declines in employment resulting from the risk of
contracting COVID, for such health factors in employment decline have
not occurred in recent history and hence their impacts on wages can also
not be captured historically. This factor should have resulted in greater losses
relative to the assumed counterfactual estimates used here, but whether they
would affect our main results on the modest size of the wage losses is not
clear. The increase in working from home is another factor not easily cap-
tured by historical patterns, but that factor has been shown to be much less
important for the less educated women studied here than for more educated
women. In addition, the sensitivity tests we conduct for the magnitude of ef-
fects stemming from an increase in ability to work from home suggest that it
may not reduce human capital losses by a large amount. It is consequently
arguable that it would not have a major impact on our projections. These
two missing factors may consequently not have large impacts on our esti-
mates of rather modest human capital losses for women from the pandemic.
Looking ahead, studies of wage losses using actual data from the pandemic

and in its succeeding years, when those data come available, are likely to be
difficult. The impact on future wages of the 2020 downturn by itself, for ex-
ample, will have to address the continued labor market recovery in 2021 and
beyond and the ever-shifting labor market landscape as the market changes
from a labor surplus market to an excess demand market. The impact of
the pandemic onworking from homemay also have independent effects that
are difficult to separate from the pure effects of the 2020 downturn by itself.
Any causal analysis will necessarily require valuing counterfactuals whose
estimation is likely to pose significant challenges.
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Appendix

FIG. A1.—Weighted effect of an additional year of potential experience. Shown
is the weighted value of figure 2 using the fractions of the sample in the different
family structure categories at each year of potential experience.



Table A1
Summary Statistics

Mean SD Min Max

Employment variables:
Full-year log(hourly wage) 2.66 .49 1.27 4.32
Worka .54 .50 0 1

Business cycle variables:
Unemployment rate 6.13 2.04 2 17.8
Log per capita COVID employment 21.65 .15 22.37 2.80
Log per capita total employment 2.84 .12 21.39 .19
Recession indicator .16 .37 0 1

Marital status and children:
Married mothers .48 .50 0 1
Married childless .21 .41 0 1
Unmarried mothers .16 .36 0 1
Unmarried childless .16 .36 0 1

Covariates:
Age 38.02 8.22 25 54
COVID-impacted Industry .63 .47 0 1
Occupation can telecommute >25% .57 .48 0 1
High-contact occupation .28 .45 0 1
Youngest child ages 0–5 .27 .44 0 1
Youngest child ages 6–12 .25 .43 0 1
Youngest child ages 13–17 .12 .33 0 1
Log(1,000 1 spouse earnings) 10.59 .80 6.91 11.8

Wage observations 13,315
Observed work observations 24,967
Total observations 35,981
31
8
NOTE.—This table reports the summary statistics for women aged 25–54 who have not attained a college
degree. Per capita variables use state-level population estimates from the US Census Bureau’s Intercensal
Tables. Employment data come from the Bureau of Labor Statistics.

a Summary statistics for work are calculated without any imputed values. Missing work values are im-
puted per the procedure outlined in online appendix B. Log wages are in real terms and trimmed at the 5th
and 95th percentiles.
Table A2
Summary Statistics by Marital Status and Children

Married Unmarried

Mothers Childless Mothers Childless

Employment variables:
Full-year log(hourly wage) 2.591 2.737 2.602 2.747

(.493) (.478) (.468) (.487)
Worka .414 .620 .641 .737

(.493) (.485) (.480) (.440)
Employment breakdown by youngest child:
Youngest child ages 0–5 .335 .571

(.472) (.495)
Youngest child ages 6–12 .453 .652

(.498) (.477)
Youngest child ages 13–17 .542 .738

(.498) (.440)



Table A2 (Continued )

Married Unmarried

Mothers Childless Mothers Childless

Business cycle variables:
Unemployment rate 6.149 5.989 6.247 6.192

(2.082) (1.969) (2.048) (1.994)
Log per capita total employment 2.863 2.822 2.840 2.825

(.119) (.096) (.126) (.109)
Log per capita COVID employment 21.672 21.617 21.644 21.617

(.157) (.132) (.145) (.132)
Recession indicator .174 .149 .150 .146

(.379) (.356) (.357) (.353)
Covariates:
Age 35.458 43.316 36.020 40.799

(6.635) (8.665) (6.909) (8.989)
COVID-impacted industry .647 .614 .624 .605

(.462) (.479) (.473) (.479)
Occupation can telecommute >25% .567 .624 .497 .560

(.480) (.477) (.489) (.486)
High-contact occupation .304 .240 .310 .256

(.460) (.427) (.463) (.437)
Youngest child ages 0–5 .441 .347

(.497) (.476)
Youngest child ages 6–12 .371 .432

(.483) (.495)
Youngest child ages 13–17 .187 .221

(.390) (.415)
Log(1,000 1 spouse earnings) 10.608 10.545

(.755) (.889)
Observations 17,140 7,433 5,727 5,681
319
NOTE.—This table reports the means and standard deviations for women aged 25–54 who have not at-
tained a college degree by marital status/children category. Per capita variables use state-level population
estimates from the US Census Bureau’s Intercensal Tables. Employment data come from the Bureau of La-
bor Statistics.

a Summary statistics for work are calculated without any imputed values. Missing work values are im-
puted per the procedure outlined in online appendix B. Log wages are in real terms and trimmed at the 5th
and 95th percentiles.
Table A3
Zeroth Stage—Spousal Earnings Equation

Married

Mothers Childless

Spouse’s years of education .071*** .069***
(.007) (.012)

Unemployment rate 2.007 .004
(.006) (.010)

Log per capita COVID employment .293 .019
(.287) (.576)

Log per capita total employment .400 1.163
(.433) (.763)



Table A3 (Continued )

Married

Mothers Childless

Recession indicator .025** .098***
(.011) (.023)

Employment COVID � COVID-impacted industry 2.152 2.221
(.320) (.604)

Employment total � COVID-impacted industry 2.185 2.082
(.446) (.801)

Employment total � occupation can telecommute >25% 2.185 2.655*
(.221) (.341)

Employment total � nonwhite 2.501 .452
(.312) (.676)

Employment COVID � youngest child ages 6–12 .010
(.274)

Employment COVID � youngest child ages 13–17 .169
(.363)

Employment total � youngest child ages 6–12 2.205
(.342)

Employment total � youngest child ages 13–17 2.123
(.536)

Unemployment � youngest child ages 6–12 .0004
(.007)

Unemployment � youngest child ages 13–17 .023
(.014)

COVID-impacted industry 2.443 2.393
(.297) (.501)

Occupation can telecommute >25% 2.048 2.417
(.194) (.280)

High-contact occupation 2.002 2.0002
(.031) (.058)

Nonwhite 2.591** .317
(.287) (.550)

Age minus 25 .021*** .036***
(.003) (.002)

Year 2.004*** 2.002
(.001) (.003)

Youngest child ages 6–12 2.067
(.215)

Youngest child ages 13–17 .143
(.288)

Constant 15.150*** 10.905**
(3.060) (5.437)

Observations 17,140 7,433
F-statistic 714.59 235.18
Mean of dependent variable 10.61 10.54
NOTE.—OLS. The dependent variable is log(1,0001 spouse earnings), which is the spouse’s annual earn-
ings converted to real terms. Standard errors are calculated by bootstrapping with 500 replications.
* p < .10.
** p < .05.
*** p < .01.
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