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Abstract
We explore whether COVID‐19 disproportionately affected women in the la-
bor market using Current Population Survey data through the end of 2020. We
find that male–female gaps in the employment‐to‐population ratio and hours
worked for women with school‐age children have widened but not for those
with younger children. Triple‐difference estimates are consistent with most of
the reductions observed for women with school‐age children being attribut-
able to additional childcare responsibilities (the “COVID motherhood pen-
alty”). Conducting decompositions, we find women had a greater likelihood to
telework, higher education levels and a less‐impacted occupational distribu-
tion, which all contributed to lessening negative impacts relative to men.
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1 | INTRODUCTION

The economic downturn attributable to the social distancing measures and reductions in economic demand due to the
emergence and spread of COVID‐19 might have affected women and men differently in the labor market. An important
and pressing question is whether women have been disproportionately affected by COVID‐19 due to child caregiving
demands and being concentrated in jobs impacted the most by “nonessential” business closures and remote work
flexibility. This paper provides evidence on the effects of the pandemic recession on labor market outcomes among
prime‐aged women and men covering the first three quarters since state level social distancing measures were widely
adopted in March of 2020 to slow the spread of the disease. The first three quarters are important in that they cover the
initial unexpected adjustment period, the summer when schools were out of session but workers were starting to go
back to their jobs, and the return to school in the fall for children (although mostly at home).

Abbreviations: COVID‐19, Coronavirus disease of 2019; CPS, Current Population Survey; NAICS, North American Industry Classification System;
O*NET, Occupational Information Network.
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The increased integration of women into the US labor market over the past 60 years has mobilized a major economic
resource for the nation. Technological changes that reduced the necessary time for housework and enabled effective
control of fertility along with legal reforms that changed the division of assets following divorce altered the choices
available to women and changed the shapes of their lives (Juhn & McCue, 2017). Gaps in labor market behavior be-
tween men and women narrowed over successive age cohorts progressing toward convergence of all measures of labor
market activity through direct investment in skills and the choice to delay childbearing and reduce family sizes to also
invest in careers (Goldin & Mitchell, 2017). Despite this progress disparities in labor market experiences associated with
childbearing are visible in lifecycle data on women's labor supply and are a driving factor in remaining male–female
wage inequality. Difficulty in access to and the affordability of childcare is typically identified as an important detri-
ment to labor market participation and advancement for women in the United States (Blau & Kahn, 2013a; Goldin &
Mitchell, 2017; Juhn & McCue, 2017; Waldfogel, 1998). Further, the lack of flexibility on the part of employers and their
customers in having access to employee services at specific times is seen as a driver of gender gaps in work and pay
across occupations (Blau & Kahn, 2013a; Goldin, 2014).

Has the unprecedented closure of schools and childcare facilities throughout the country due to the pandemic
disrupted the progress women have made in the labor market and exacerbated disparities related to having children? A
key concern is the impact of additional childcare responsibilities on the labor market experiences of women due to
COVID‐19 for single mothers and possible disproportionate responsibilities for married mothers (the “COVID moth-
erhood penalty”). This paper provides a detailed analysis of the impact of different childcare burdens across families on
reduced labor market activity of women in the context of the coronavirus pandemic. We examine women with different
age groups of children because of implications for child caregiving demands both expected and unexpected during the
pandemic. We compare trends in female and male labor market outcomes across child age groups and estimate
difference‐in‐difference, triple‐difference and event‐study models to isolate impacts due to increased child caregiving
demands in the first three quarters after the adoption of statewide closures of non‐essential businesses in March of 2020.

Although increased caregiving may have disproportionately impacted women during the pandemic, an additional
concern is that the types of jobs held and human capital levels of women might have also placed them at higher risk of
negative labor market outcomes relative to men from COVID‐19. Direct levels of skill such as education and potential
workplace experience along with differential concentrations in industries and occupations might explain gaps between
men and women in any downturn. Of particular interest, however, due to the imposition of social distancing restrictions at
the state level that typically included the physical closure of non‐essential businesses is the existing concentration of female
relative to male employment in those industries as well as in jobs that cannot be performed remotely or were related to
greater exposure to illness.Were womenmore concentrated in the types of jobs thatwere hit thehardest by COVID‐19 (e.g.,
services), or were women less concentrated in those jobs partly insulating them from losses (e.g., construction,
manufacturing and transportation)? Decomposition methods are used to provide estimates of the relative contributions of
female–male differences in essential industries, ability to work remotely, skills, potential experience, and job types to
gender gaps in the labor market in the pandemic. Findings from these decompositions combined with the difference‐in‐
difference and triple‐difference models provide comprehensive evidence on whether women were disproportionately
impacted by COVID‐19 due to differential job types, human capital and child caregiving demands.

Using Current Population Survey (CPS) data for the first 9 months of the pandemic after the widespread imple-
mentation of social distancing restrictions, we find that the employment‐to‐population ratio fell more for all women
ages 25–55 than for comparable men; however, women without children for the most part did not experience changes
that were distinguishable from those for men without children. The disproportionate reductions in employment for
women occurred among those with school‐age children in comparison with men with school‐age children. Employment
among women living in families containing only school‐age children dropped substantially relative to men in the first
few quarters of the pandemic (ranging from 2.3 to 4.3 percentage points). Triple‐difference estimates indicate that
women with school‐age children experienced disproportionately large reductions in employment in comparison with
women without children and that a large portion of these changes can be attributed to reductions in work activity due to
the presence of their children.

Exploring impacts on hours worked which capture both changes in employment and reductions from full‐time to
part‐time work, we again find that women living in families with only school‐age children suffered especially large
losses in hours worked relative to men (8%–27%). In triple‐difference models, reductions in hours are found to be
concentrated among women with all their children ages 6–17 relative to those with no children present and that a large
portion of this reduction is likely attributable to additional childcare responsibilities. In combination, these results for
the employment‐population ratio and hours worked are consistent with the unexpected arrival of school‐age children at
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home due to the pandemic which resulted in increased home‐based caregiving demand that disproportionately reduced
women's work activity.

Examining job and skill characteristics associated with gaps in unemployment between women and men reveals
interesting patterns. Nonlinear decomposition estimates indicate that many job and skill characteristics were favorable
for women in the pandemic lessening potential negative impacts relative to men. In particular, women were more
concentrated in jobs that can be done remotely, were more concentrated in favorable occupations, and have higher
education levels than men. However, women were more likely to work in “non‐essential” industries than men prior to
the pandemic which served to widen the unemployment gap through the spring and summer of 2020.

The findings from our paper contribute to a rapidly growing literature on the early‐stage impacts of COVID‐19 on the
labor market outcomes of women. One of the first studies, Alon et al. (2020) argued that the closures of non‐essential
businesses and the lack of the ability to telework would likely drive male–female differences in labor market outcomes
by using data on work patterns prior to the pandemic. Setting the stage, they argued that if prior patterns held, women
would likely face hard choices between working when possible or caring for children at home, which would ultimately be
expected to contribute to observed reductions in women's employment in the pandemic. Montenovo et al. (2020) make use
of CPS data through April 2020 and find that traditional factors such as occupational distributions help explain cross‐group
differences in employment and that ability to work remotely plays a role. They report that employment fell slightly more
among women than men and for those in families with large numbers of children. Holder et al. (2021) also use CPS data
through April 2020 and find that COVID‐19 related job losses hit industries in which Black women were concentrated the
hardest. Similarly, Collins et al. (2020) make use of CPS data from February through April 2020 and examine changes in
work hours for men and women in married heterosexual couples who remain continuously employed for those months.
They find that work hours declined more for women than men particularly for those with young children and that the
ability to telework did not eliminate this pattern. Alternatively, Heggenes (2020) focuses on the impact of early school
closures on parents with children present under the age of 18 using April through May 2020 CPS data. Examining a range
of labor market outcomes, the early shutdowns had a negative impact for women for the employment outcome, “have a job
but not be working,” but did not have an immediate impact on detachment or unemployment. Bartik et al. (2020) report
that women were more likely to stop work in April and less likely to start work in May and June using CPS data. Finally,
Albanesi and Kim (2021) find that reductions in employment through November 2020 were concentrated among women
with children and was similarly associated with movement of women out of the labor force.

Surveys provide direct evidence that mothers carried a heavier load in the provision of childcare in the early stages
of the pandemic than fathers. For example, the Understanding Coronavirus in America tracking survey provides in-
formation through July on which parent is primarily responsible for providing care while schools were closed and
clearly shows that there was a disproportionate burden among women (Kapteyn et al., 2020; Zammaro & Prados, 2021).
Focusing on academia, Deryugina et al. (2021) conduct a global survey of academics and find that although both women
and men report substantial increases in childcare and housework burdens, women, especially those with young chil-
dren, experienced a disproportionate reduction in time dedicated to research.

Our paper builds on this literature in several important ways. First, we extend these early analyses by examining a
longer time period observing impacts of the coronavirus using CPS micro‐data through December 2020. The labor
market experiences of women and men might have evolved differently over the pandemic from unanticipated changes
in the beginning, to patterns over the summer, to the expected return to school in the fall. Here, we investigate longer
term impacts of the pandemic and find that as the reductions in demand and loss of accommodations for children in
schools and day care continued that the disproportionate impact on women increased. Second, we provide a broad view
of the types of families considered by examining cohabiting, single and married parents. Third, we expand on the range
of labor market outcomes considered. In particular, we allow individuals to exit the labor market by focusing primarily
on the employment‐to‐population ratio and unconditional hours worked. Finally, we add to the analysis of employment
reductions due to increased childcare responsibilities by also estimating the impacts due to differences in job and skill
characteristics providing a more comprehensive study of both influences in the pandemic.

2 | CONTEXT AND ANALYTICAL APPROACH

The diagnosis of the first case of COVID‐19 in January 2020 in the United States and the rapid evolution of school
closures and business restrictions was a truly unanticipated event. By the end of March 2020 all states had adopted some
social distancing measures which typically included closure of non‐essential businesses and movement of primary and
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secondary schools to remote instruction. The unusual pattern of economic disruption from COVID‐19 interacted with
the long‐term trend of increasing engagement of women in the labor market. In the past, as family sizes declined and
education levels of women increased, competing demands for time at home decreased while the rewards from the labor
market increased. Labor force participation and average hours of work have increased at every age until the most recent
cohorts (Goldin, 2014; Goldin & Mitchell, 2017). Nonetheless, over the lifecycle of women within a cohort, reductions in
work activity typically occur with the arrival of children. Arrival and presence of children is also associated with the
male–female wage gap in part due to reduction in formation of specific human capital during intensive periods of
childcare and possible absence from the labor market (Juhn & McCue, 2017).

Accordingly, we focus on the employment‐to‐population ratio among women as an important indicator of their
labor market activity while providing supportive estimates of hours of work unconditional on employment. Hours of
work captures additional potential impacts from movement from full‐time to part‐time work. In ordinary times, families
must make childcare plans that evolve with the age of the child. Pre‐school children require different care than school‐
age children and those demands typically decline with their age. Labor market interruptions for women most often are
associated with childbirth. Thus, we focus on differential experiences for women in families with no children, any
children, young children, or school‐age children as day care and school closures would be expected to have different
impacts for these groups (Collins et al., 2020; Juhn & McCue, 2017). To provide the basis for inferring the changes being
estimated within the difference‐in‐difference models arose due to the pandemic, we also estimate event‐history models
showing that the models effectively eliminate pre‐pandemic differences across comparable groups of men and women.

After examining the impact of COVID‐19 on the employment of these different groups of women relative to men, we
also estimate triple‐difference models of the differences in employment across women who face different caregiving
demands. Nonlinear decomposition methods are then used to explain the contribution of different factors to female–
male unemployment gaps during the pandemic. Both personal skills and factors unique to this downturn such as
employment in essential industries, the ability to work remotely, and occupational risk of exposure to disease are
examined. The contribution of the distribution of employment across occupations and industries to the unemployment
gap between women and men is also considered.

3 | DATA AND MEASURES

The data used in the analysis are drawn from the basic monthly files of the CPS. The CPS is the primary monthly
household survey used to derive national labor statistics for the United States. The data are collected in a reference week
containing the 12th of the month. The survey gathers information on the members of 60,000 households and when
weighted the data represents the civilian non‐institutional population ages 16 and older of the United States.

As our interest is in estimating the impact of the COVID‐19 pandemic on the labor market activity of women and
men, we note that some social distancing measures including local closures of businesses and schools occurred just
prior to the collection of March CPS data. All states, however, put in place at least some level of social distancing
measures prior to the collection of April CPS data. Thus, we view the March data as a month partially impacted by the
pandemic and April as being the first month in which labor market activity was disrupted throughout the country.

In the analysis, we make use of the basic monthly public release CPS data files beginning several years prior to the
pandemic in 2017 and extending through December of 2020. We focus on changes in employment experiences
beginning with April 2020 given the timing of the adoption of social distancing restrictions nationally. We combine data
across months in much of the analysis, referring to post‐COVID periods as spring, summer and fall.1 February 2020 is
used as the reference, pre‐pandemic month.

We make use of family structure information within the CPS to identify working‐ and child rearing‐age adults (ages
25–55) with and without children at home. Using information on the age of children who are present in the household,
we also identify families with different ages of children.2

3.1 | Measures related to COVID‐19

In the context of the pandemic, we make use of several measures that potentially capture the influence of physical
closures of non‐essential businesses, the ability of people to work remotely, and the risk of disease exposure on the job.
With respect to measuring whether a person was employed in an essential or non‐essential business, we use coding
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based on Delaware state standards which employ the North American Industry Classification System (NAICS).3 This
variable is coded at the 4‐digit level of industry classification. Similarly, we make use of a measure developed by Dingel
and Neiman (2020) of the ability of a worker to perform work remotely. Their index is based on 15 underlying O*NET
(Occupational Information Network) questions. Finally, we use a measure of exposure to disease or infection also
developed from an O*NET question asking “How often does your current job require you be exposed to diseases or
infections?” (Baker et al., 2020). Those responses are transformed into a Z‐score with mean 0 and standard deviation 1.

4 | DESCRIPTIVE PATTERNS OF MALE AND FEMALE EMPLOYMENT

Figures 1 and 2 display female and male employment‐to‐population ratios and hours of work from January 2017 to
December 2020. To focus on both working‐age and child‐rearing adults we include only women and men ages 25–55. As
can be seen in the figures, prior to the adoption of widespread social distancing measures due to the coronavirus in
March of 2020, systematic gaps are evident between men and women. With respect to the employment‐to‐population
ratio (Figure 1a) the average rate of employment among men was roughly 86% whereas the average rate of employment
among women was roughly 73%. The employment‐to‐population ratio among women without children was a bit higher
(about 76%) and a bit lower (about 70%) among women with children. From February to April 2020, the employment‐
to‐population ratio visibly drops across all groups. The pace of recovery in the subsequent months, based on the figure,
appears to be fairly comparable across the group of all men and those of women; however, these overall patterns may
mask heterogeneous impacts if women are compared directly to men in the same family situation and job type.

Figure 1b shows a similar pattern for average hours of work for the same groups. Prior to the widespread imple-
mentation of social distancing measures in March 2020, average hours of work were largest for men followed by women
without kids, the group of all women, and women with kids. From February to April 2020, average hours of work fell
sharply and by similar amounts (6–7 h) across all groups. As the economy began to gradually reopen in the following
months, the recovery in average hours of work appears to have been a bit more rapid for men than for women.

Figure 2 provides trends in employment and hours of work for more detailed breakdowns by age of children. In
Panel A, women with all of their children ages 14–17 have the highest employment‐to‐population ratios followed by
those with only children ages 6–13, and those with their children between ages 0 and 5. With the arrival of the
pandemic, all women experienced a sharp decrease in employment; however, there is clear variation across groups. For
women with children ages 0–5, the decline in the employment‐to‐population ratio was by 10 percentage points whereas
the decline was by roughly 12 percentage points for women with children ages 6–13 and women with children ages 14–
17. It also appears that employment recovered more slowly for groups with school‐age children through the end of 2020.
These raw trends are consistent with parents who had school‐age children experiencing increased demands on their
time for caregiving when previously these children were in school.

Figure 2b provides the same breakdowns for average hours of work for women with children of different ages.
Average hours of work are again consistently ordered over time with women with children ages 14–17 having the
highest average hours followed by women with children ages 6–13 and women with children ages 0–5. From February
to April 2020, hours of work fell by similar amounts across all groups (5–7 h). In the fourth quarter of 2020, when
schools would have reopened in many locations, hours worked by women with school‐age children appear to increase
at a somewhat faster rate than for women with children ages 0–5; however, average hours worked for all groups
remained below levels immediately preceding the pandemic.

To examine whether women with children are making more of an adjustment to accommodate disruptions due to
COVID‐19 that have led to their children unexpectedly being at home, we compare their work activity to men in the
same family setting. We do this descriptively in Tables 1 and 2 which examine changes in the employment‐to‐
population ratio and average hours of work, respectively. We combine months to examine three seasons, spring
2020, summer 2020 and fall 2020, which approximate the timing of (i) unanticipated disruptions to school, (ii) dis-
ruptions to summer camps and plans, and (iii) more anticipated disruptions to school, respectively.4 We also focus the
analysis on families with solely school‐age children versus younger children to draw clearer distinctions in demands for
caregiving. Starting with adults with no children in February 2020 (Panel B of Table 1), the employment‐to‐population
ratio was 81.7% for men and 77.1% for women (male–female gap of 4.6 percentage points). In the spring of 2020 where
the effects of the pandemic could be clearly measured, the employment‐to‐population ratio fell to 71.6% for men and
66.4% for women (male–female gap of 5.2 percentage points). In summer 2020, the gender gap remained at a similar
level of 5.4%. In fall 2020, the employment rate of women without children increased more rapidly than that of men,
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narrowing the gender gap back to 4.6% (although employment rates of both women and men remained beneath their
pre‐pandemic levels).

Women without children are most similar to men in their labor market participation patterns. We turn to a
comparison between all men and women with children (Panel C of Table 1). In February 2020, the employment‐to‐
population ratio was 91.3% for men and 71.9% for women, with a male–female gap of 19.4 percentage points. In
the spring, the employment‐to‐population ratio fell for both groups but disproportionately for women, widening the
male–female gap to 22.0 percentage points. Through the remainder of the year, the gender gap remained roughly the
same in the summer and narrowed to 21.3% in the fall, but remained larger than in February 2020.

F I GURE 1 (a) Employment to population ratio, women versus men, January 2017 to December 2020. (b) Average hours of work,
women vs. men, January 2017 to December 2020. Figure plots the employment‐to‐population ratio and average hours of work of men
and women ages 25–55, from January 2017 to December 2020. Author calculations using Current Population Survey data with sample
weights
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The descriptive information for employment differences between women and men with children ages 0–5 and with
children ages 6–17 are reported in the next two panels of Table 1. The patterns are similar to those for all women with
children. Relative to February 2020, spring 2020 indicates a widening of the male–female gap in the employment‐to‐
population ratio. The initial disproportionate losses in female employment from February to the spring are larger
among those with school‐age children (6–17 ages). In the fall, the employment gaps remain larger than in February
2020. Also, employment rates are lower among men and women in the fall than they were in February.

F I GURE 2 (a) Employment to population ratio, women by children, January 2017 to December 2020. (b) Average hours of work,
women by children, January 2017 to December 2020. Figure plots the employment‐to‐population ratio and average hours of work of
women ages 25–55, from January 2017 to December 2020. Author calculations using Current Population Survey data with sample
weights
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A similar pattern is evident in examining hours of work which captures both changes in employment and reductions
in hours on the job (reported in Table 2). Considering adults with no children present in February 2020 (Panel B of
Table 2), men worked an average of 32.9 h per week and women worked an average of 29.3 h per week, implying a male–
female gap of 3.6 h per week. Immediately after the pandemic started (spring 2020), hours of work fell to 26.7 h for men
and 23.2 h for women. The decreases are similar in magnitude leaving the gender gap in hours of work mostly unchanged.
In the summer, the gap widened to 4.6 h as work activity began to resume out of the pandemic. However, during the fall,
the average gap again declined back down to pre‐pandemic levels (at 3.3 h). Although the gender gap in hours of work
returned to pre‐pandemic levels in fall 2020 average hours of both men and women were still below pre‐pandemic levels.

TABLE 1 Employment to population ratio

Male Female Male–female gap

Panel A. All

Jan 2017–Dec 2019 0.858 0.729 0.129

Feb 2020 0.856 0.746 0.110

Post‐COVID: Spring 0.767 0.643 0.124

Post‐COVID: Summer 0.802 0.678 0.124

Post‐COVID: Fall 0.822 0.705 0.117

Panel B. With no children

Jan 2017–Dec 2019 0.816 0.754 0.062

Feb 2020 0.817 0.771 0.046

Post‐COVID: Spring 0.716 0.664 0.052

Post‐COVID: Summer 0.752 0.698 0.054

Post‐COVID: Fall 0.778 0.732 0.046

Panel C. With children

Jan 2017–Dec 2019 0.920 0.703 0.217

Feb 2020 0.913 0.719 0.194

Post‐COVID: Spring 0.841 0.621 0.220

Post‐COVID: Summer 0.876 0.657 0.219

Post‐COVID: Fall 0.889 0.676 0.213

Panel D. With children only at 0–5 ages

Jan 2017–Dec 2019 0.929 0.677 0.252

Feb 2020 0.920 0.698 0.222

Post‐COVID: Spring 0.847 0.617 0.230

Post‐COVID: Summer 0.876 0.655 0.221

Post‐COVID: Fall 0.907 0.654 0.253

Panel E. With children only at 6–17 ages

Jan 2017–Dec 2019 0.914 0.746 0.168

Feb 2020 0.907 0.763 0.144

Post‐COVID: Spring 0.843 0.658 0.185

Post‐COVID: Summer 0.879 0.688 0.191

Post‐COVID: Fall 0.886 0.715 0.171

Note: The sample consists of all people ages 25–55 years. All calculations are based on the CPS and use sample weights. Post‐COVID periods include April to
May 2020 for spring, June to August 2020 for summer, and September to December 2020 for fall.
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Considering those with school‐age children and using February 2020 (Panel E of Table 2) men worked 38.1 h on
average while women worked 27.6 h with a gap of 10.5 h. During the spring of 2020, average hours of men and women
fell by similar amounts, slightly widening the gap in hours worked to 10.7 h. However, as economic activity began to
expand in the summer months, the male–female gap widened to 12.4 h. During the fall, hours of work increased for
both groups and the gap narrowed to 10.8 h. Relative to pre‐pandemic levels, the male–female gap in hours worked at
the end of 2020 was similar although average hours worked for both groups were at lower levels.

In summary, relative to months just prior to the pandemic, all women with children on average had larger re-
ductions in employment and hours of work than comparable men during the summer when children would have been

TABLE 2 Average weekly hours of work on all jobs

Male Female Male–female gap

Panel A. All

Jan 2017–Dec 2019 35.1 26.4 8.7

Feb 2020 35.0 27.4 7.6

Post‐COVID: Spring 29.0 21.7 7.3

Post‐COVID: Summer 31.7 23.1 8.6

Post‐COVID: Fall 32.7 25.3 7.3

Panel B. With no children

Jan 2017–Dec 2019 32.9 28.2 4.7

Feb 2020 32.9 29.3 3.6

Post‐COVID: Spring 26.7 23.2 3.5

Post‐COVID: Summer 29.4 24.8 4.6

Post‐COVID: Fall 30.4 27.1 3.3

Panel C. With children

Jan 2017–Dec 2019 38.3 24.5 13.8

Feb 2020 38.1 25.3 12.8

Post‐COVID: Spring 32.5 20.2 12.3

Post‐COVID: Summer 35.1 21.3 13.8

Post‐COVID: Fall 36.1 23.5 12.6

Panel D. With children only at 0–5 ages

Jan 2017–Dec 2019 38.3 22.5 15.8

Feb 2020 38.1 23.2 14.9

Post‐COVID: Spring 32.7 19.0 13.7

Post‐COVID: Summer 35.1 20.5 14.6

Post‐COVID: Fall 36.4 21.8 14.6

Panel E. With children only at 6–17 ages

Jan 2017–Dec 2019 38.3 26.6 11.7

Feb 2020 38.1 27.6 10.5

Post‐COVID: Spring 32.7 22.0 10.7

Post‐COVID: Summer 35.2 22.8 12.4

Post‐COVID: Fall 36.3 25.5 10.8

Note: The sample consists of all people ages 25–55 years. All calculations are based on the CPS and use sample weights. Average weekly hours on all jobs
include 0 h and are top‐coded to 60 h. Post‐COVID periods include April to May 2020 for spring, June to August 2020 for summer, and September to
December 2020 for fall.
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home from school. Descriptively, this resulted in a widening of male–female gaps in labor market outcomes during the
summer concentrated among women with school‐age children. Those decreases in employment and hours of work
appear to have at least temporarily erased some of the longer‐term convergence between women and men.

5 | METHODOLOGY

To better gauge experiences between comparable women and men, and control for pre‐COVID trends, we estimate
difference‐in‐difference models. The form of the equation estimated is:

Yit ¼ αþ γFemalei þ
X3

q¼1
πqCOVIDq þ

X3

q¼1
δqFemalei � COVIDq þ β0Xit þ λt þ θt þ τ þ Female� τ þ εit ð1Þ

where Yit is one of the two outcomes being examined, (1) the employment‐to‐population ratio, Eit, or (2) hours of work
per week, Hoursit. Eit is a categorical indicator of whether a person is employed or not in month t. Hoursit is the log of
weekly working hours including not working (i.e. 0 h) and capped at 60 h5 Femalei is a categorical indicator coded with
a value of one for women in the sample. COVIDq is a dummy variable for each post‐COVID quarter beginning with
spring (April to May) through summer (June to August) and fall (September to December) of 2020.6 March 2020 is
included in the sample, but not reported in the tables because of potentially misleading estimates associated with a
partially COVID‐19 impacted month.7 Xit includes personal characteristics for each individual in month t. The sample
period includes January 2017 to December 2020 to allow for the inclusion of seasonal (monthly) fixed effects, λt, year
fixed effects, θt, and a time trend, τ, (as well as a female specific time trend).8 εit is the error term.

We estimate Equation (1) for all women and men, women and men with young children (ages: 0–5), women and men
with school‐age children (ages: 6–17), and other permutations of these groups. The separate samples provide evidence on
how different groups were impacted after controlling for differences in individual characteristics (e.g., education level,
marital status and geographical location) as well as pre‐existing trends in outcomes for women and men.

We expand on Equation (1) to include annual pre‐COVID dummies for an event‐study regression. Equation (1)
already allows for differential post‐COVID effects by season. For the event‐study regression we interact the categorical
variables for each year prior to the pandemic during the sample period with the female variable. We again use February
2020 as the pre‐COVID reference point in time. We report the resulting parameter estimates and 95% confidence in-
tervals in figures.

To directly examine the impact of the presence of children of different age groups we estimate triple‐difference
models. The triple‐difference model of the impact of COVID‐19 and the presence of children of different ages in the
household on the female–male gap is:

Yijt ¼ αþ γFemalei þ
X3

q¼1
πqCOVIDq þ φChildj þ δ1Femalei � Childj þ

X3

q¼1
δ2qFemalei � COVIDq

þ
X3

q¼1
δ3qCOVIDq � Childj þ

X3

q¼1
δ4qFemalei � COVIDq � Childj þ β0Xijt þ λt þ θt þ τ þ Female� τ þ εijt

ð2Þ

where Childj is a set of dummy variables for the presence of children of different ages (1 for any children ages 0–5, any
children ages 6–17, only children ages 0–5, only children ages 6–17, respectively; 0 for no presence of children). Other
model specifications are the same as in Equation (1).

6 | DIFFERENCE‐IN‐DIFFERENCE ESTIMATES RELATIVE TO MEN

6.1 | Employment‐to‐population ratio

Panel A of Table 3 contains estimates for the employment‐to‐population ratio for the full sample of women and men
ages 25–55. The first column of estimates shows that the pandemic downturn resulted in a statistically significant
widening of the overall male–female gap in the spring and summer post‐Covid periods of about 1 percentage point.
Relative to February 2020, no widening of the gender gap is observed in fall 2020.
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Column (2) reports estimates for women without children relative to men without children. The difference‐in‐
difference estimates indicate that the male–female gap in employment was statistically unchanged relative to February
2020. Thus, when controlling for a variety of personal characteristics and pre‐existing trends, the experiences of women
without children appears to be comparable to that of men without children. We use this comparison later as the baseline
for our triple‐difference estimates that focus on the potential impacts of differential child‐rearing responsibilities.

Column (3) reports estimates for women with any children relative to men with any children, and indicates that the
male–female gap in employment increased substantially in all three post‐Covid periods relative to February 2020. These
estimates, however, conceal important differences by age of children. Columns (4) and (6) consider families with young
children (ages 0–5). Column (4) measures the presence of young children while allowing for other children to be
present. Column (6) considers families with only children ages 0–5. No significant estimates of the pandemic on the
relative employment of men and women are seen in the three post‐Covid periods of 2020 for families with children in
this age group.

Columns (5) and (7) consider families with school‐age children present. Column (5) focuses on families with any
school‐age children, and Column (7) focuses on families with only school‐age children. In column (7), all of the
estimated impacts show statistically significant increases in the gender gap in the employment‐to‐population ratio in
the post‐Covid periods. The largest estimate (4.3 percentage points) is found in the summer months, but widened gap is

TABLE 3 Difference‐in‐difference estimates relative to men

Sample
(1) (2) (3) (4) (5) (6) (7)
All No kid Any kid Any 0–5 kid Any 6–17 kid Only 0–5 kid Only 6–17 kid

Panel A. Employment to population ratio

Post‐COVID: Spring � Female −0.0094* −0.0044 −0.0184** 0.0005 −0.0237*** 0.0021 −0.0343***

(0.0053) (0.0072) (0.0075) (0.0119) (0.0084) (0.0165) (0.0096)

Post‐COVID: Summer � Female −0.0107** −0.0064 −0.0189*** 0.0090 −0.0268*** 0.0102 −0.0425***

(0.0048) (0.0065) (0.0068) (0.0109) (0.0076) (0.0151) (0.0086)

Post‐COVID: Fall � Female −0.0051 0.0001 −0.0143** −0.0055 −0.0123* −0.0223 −0.0226***

(0.0044) (0.0059) (0.0063) (0.0100) (0.0070) (0.0139) (0.0080)

Panel B. Unconditional hours of work

Post‐COVID: Spring � Female −0.0108 −0.0105 −0.0219 0.0811 −0.0371 0.0463 −0.1051**

(0.0236) (0.0323) (0.0339) (0.0530) (0.0381) (0.0744) (0.0436)

Post‐COVID: Summer � Female −0.1108*** −0.0870*** −0.1434*** 0.0059 −0.1831*** 0.0083 −0.2668***

(0.0216) (0.0295) (0.0310) (0.0488) (0.0346) (0.0688) (0.0396)

Post‐COVID: Fall � Female −0.0018 0.0087 −0.0277 0.0351 −0.0286 −0.0285 −0.0834**

(0.0197) (0.0268) (0.0282) (0.0444) (0.0315) (0.0631) (0.0361)

Personal Yes Yes Yes Yes Yes Yes Yes

Seasonality Yes Yes Yes Yes Yes Yes Yes

Time trend Yes Yes Yes Yes Yes Yes Yes

Year fixed‐effects Yes Yes Yes Yes Yes Yes Yes

State fixed‐effects Yes Yes Yes Yes Yes Yes Yes

Sample size 2,228,185 1,225,424 1,002,761 426,973 789,126 213,635 575,788

Note: The sample consists of all people ages 25–55. The dependent variable is the employment to population ratio in Panel A and is log weekly working hours
on all jobs in Panel B (including 0 h for those not working and top‐coded to 60 h). Log hours are transformed with inverse hyperbolic sine to approximate logs
and include 0 h. The sample period covers January 2017 to December 2020. The reference period is February 2020. Post‐COVID periods include April to May
2020 for spring, June to August 2020 for summer, and September to December 2020 for fall. Full interactions for March 2020 and the pre‐COVID period,
though not reported in the table, are included in the analysis. All specifications include full interaction terms and a constant term. All specifications also
control for years of potential work experience and its square, education level, and marital status. Specifications are estimated using CPS data with sample
weights and robust standard errors. Standard errors in parentheses.
*p < .10, **p < .05, ***p < .01.
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still substantial in the fall of 2020 at 2.3 percentage points. In Column (5), the estimates for the three post‐Covid periods
are also statistically significant and the widened gap in the summer appears somewhat larger (2.7 percentage points)
than in the spring immediately following the imposition of state level social distancing measures (2.4 percentage
points). The estimates among families with only school‐age children are consistently larger across all three seasons than
for those who may also have other children. Hence, the strongest evidence of a reduction in women's employment
relative to that of men is found in families with school‐age children, especially those who did not also have younger kids
present. This is consistent with women in families who had all children engaged with school having to reduce
employment to meet childcare demands as children came home for online instruction. Women and men in families
with only younger children at home might have been less disrupted by the pandemic because their children were not
enrolled in school.

6.2 | Hours of work

Panel B of Table 3 reports estimates of the change in total hours worked per week among women and men (i.e., un-
conditional on working) in the pandemic. The coefficient estimates can be interpreted as percentage changes relative to
February 2020. The overall pattern of results is similar to those for the employment‐to‐population ratio. The estimates
indicate that the overall female–male gap in hours of work widened by about 11% in the summer of 2020. However, no
statistically significant change in the gender gap is observed in the fall. Estimates for women without children reveal a
statistically significant change in the female–male gap in hours worked only during the summer of 2020. In the fall, no
statistically significant change in the gender gap is observed.

Focusing on either families with any young children ages 0–5 (Column 4) or families with only young children
(Column 6), no statistically significant estimates of the response of hours of work of women relative to men are found.
However, the estimates in Column (5) show a statistically significant reduction in hours of work of women relative to
men of 18.3% in the summer of 2020 when any children ages 6–17 are present. The estimated parameters in Column (7)
focusing on families with only school‐age children are statistically significant over the three post‐Covid periods of 2020,
ranging from about 8%–27%. The impact was noticeably larger in the summer than in the spring or fall. The estimates
for hours of work are consistent with those for the employment‐to‐population ratio in showing that the largest response
was for women in families who prior to disruption caused by the pandemic had all of their children placed at school
during typical weekdays.9

6.3 | Event‐study regressions

We also expand on the difference‐in‐difference regressions to include annual pre‐COVID dummies for an event‐
study regression. We already allow for differential post‐COVID effects by season (i.e., spring, summer and fall
of 2020), but now we also allow for pre‐COVID annual differences for women relative to men. Estimates for the
employment‐to‐population ratio and hours of work are reported in Figures 3 and 4, respectively. We focus here on
key estimates for the paper highlighting results for women with no children, those with any children ages 6–17,
and those with only children ages 6–17. Figure 3 shows that for these groups there are no significant differences
for female–male gaps in employment in the three years prior to the pandemic when measured relative to time zero,
February 2020. Figure 4 shows this same result for hours of work unconditional on employment status. These
models and results are both quantitatively and qualitatively comparable to those in Table 3 for the difference‐in‐
difference models.10

6.4 | Hours conditional on working

To further investigate the potential effects of the pandemic on hours of work we estimate regressions that condition
on working. We explore whether hours of worked were affected more for women than for men in the pandemic
among those who continued to work. Thus, we drill down with the hours analysis to focus on the intensive margin
instead of the extensive margin captured by the employment regressions. We report these estimates in Appendix
Table A3. We find that there are no negative statistically significant estimates for hours of work for any group of
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women relative to men. This reveals that the disproportionate negative impact of the pandemic on the employment
of women with children occurred primarily through employment exits rather than from reducing hours of work. We
return to our focus on hours worked not conditioning on being employed because we are trying to capture the total
effects of the pandemic.

6.5 | Robustness checks

We check our main regression models for robustness by estimating additional sets of regressions. First, we alter the age
ranges included in the sample from 25 to 55 to include women and men ages 20–55 and separately to include women
and men ages 25–60. Second, we alter sample years to begin in 2016 or 2018 in comparison with the main specification
which begins in 2017. The results are robust to all of these alternative age and time period ranges.11

F I GURE 3 Event study coefficients, employment to population ratio, January 2017 to December 2020. (a) No kid. (b) Any 6–17 kid.
(c) Only 6–17 kid. The figures display the results from event‐study regressions. Panels (a)–(c) use the same samples as those used in
Columns (2), (5), and (7) of Table 3. The sample period covers January 2017 to December 2020. The reference period is February 2020. The
post‐COVID periods are April through December 2020. Spring includes April and May; summer includes June to August; fall includes
September to December. Full interactions for January and March 2020, though not reported in the graph, are included in the regressions.
All models are estimated using Current Population Survey data with sample weights and robust standard errors
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6.6 | Married couples

The primary sample used in the paper considers all women and men ages 25–55. One implication is that the com-
parisons are being made between all women and men in different family structures. An alternative approach is to
examine only married couples which focuses on situations in which the tradeoffs of child‐rearing burdens between two
adults takes place.12 Appendix Table A5 provide estimates comparable to Table 3 reducing the primary sample to
married adults. The estimates are roughly similar with disproportionate reductions in employment and hours of work
occurring among women with school‐age children.

For completeness we also estimate regressions using our sample of unmarried individuals and parents. Appendix
Table A6 reports estimates. We find that the disproportionate negative response of women to COVID in employment
occur for those with only school‐age children and in hours of work for those with either any or only school‐age children.
Thus, the pandemic appears to have similarly impacted labor market outcomes for women regardless of marital status.

F I GURE 4 Event study coefficients, average hours of work, January 2017 to December 2020. (a) No kid. (b) Any 6–17 kid. (c) Only
6–17 kid. The figures display the results from event‐study regressions. Panels (a)–(c) use the same samples as those used in Columns (2),
(5), and (7) of Table 3. The sample period covers January 2017 to December 2020. The reference period is February 2020. The post‐COVID
periods are April through December 2020. Spring includes April and May; summer includes June to August; fall includes September to
December. Full interactions for January and March 2020, though not reported in the graph, are included in the regressions. All models are
estimated using CPS data with sample weights and robust standard errors
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6.7 | School reopenings

At the outset of the pandemic states were quick to close both non‐essential businesses and schools. The evidence
presented thus far is largely consistent with the disproportionate negative impacts of the pandemic on female labor
market outcomes being driven by school‐age children returning home due to school closures. Here, we explore the
possible influence of states with faster returns to in‐person instruction in explaining differential outcomes.

In this analysis we make use of a school reopening index developed by Burbio (2021). The index is based on
monitoring of in‐person instruction at a sample of school districts which are weighted to form state‐level estimates. We
focus on states reopening relatively quickly by using the index to identify the top quartile of states in terms of the
percentage of instruction offered in‐person versus other states. Estimates are reported in Appendix Tables A7
(employment‐to‐population ratio) and A.8 (unconditional hours of work). We find that across all family types that states
that reopened more quickly had smaller estimated declines in women's labor market outcomes relative to men than
those that opened more slowly.

7 | TRIPLE‐DIFFERENCE ESTIMATES OF CHANGES DUE TO PRESENCE OF
CHILDREN

7.1 | Employment‐to‐population ratio

To further isolate the effects of child caregiving responsibilities on labor market outcomes we estimate triple‐
difference models that directly compare the gender gap for women and men with children to women and men
without children. Panel A of Table 4 presents triple‐difference estimates based on Equation (2). The third, added
difference, here is between women and men with children of different age groups and women and men without
children. As shown in Column (1), all women with children experienced a relative reduction in employment across
the successive post‐Covid periods of 2.4, 2.2, and 2.3 percentage points. The group in Panel A for whom the presence
of children is shown to widen the employment‐to‐population ratio more than for women with no children most
clearly and consistently is for those in families who had school‐age children present (ages 6–17). For those families
with any school‐age children (Column 3) estimates across the three successive post‐Covid periods are 2.7, 2.8, and 1.9
percentage points. For those with only school‐age children (Column 5), the coefficients across successive periods are
somewhat larger at 3.7, 4.3 and 2.8 percentage points. The smaller effects in the fall, are consistent with a lessened
impact due to school reopenings.

7.2 | Hours of work

Panel B of Table 4 similarly reports triple‐difference estimates for the portion of the female–male gap in average
hours of work that can be attributed to the presence of children of different age groups. Again, the group of
women for whom statistically significant estimates are found are for those with school‐age children. The estimates
in Column (5) for families that only have school‐age children are statistically significant in all of the post‐Covid
periods. The estimates indicate relative losses of women's hours of 13.9%, 22.3% and 12.8% over the successive
periods.

The triple‐difference estimates for the effect of the pandemic on the employment‐to‐population gap or hours of work
between women and men in families with school‐age children make a comparison to the gender gap for adults with no
children. This nets out changes that might have occurred because of the pandemic independent of the presence of
children. For example, the triple‐difference parameters for women in families with only school‐age children in Column
(5), Panel A of Table 4 are −.037, −.043, and −.028 for the spring, summer and fall, respectively. The difference‐in‐
difference estimates for particular groups instead reveal the impact of the influence of the caregiving burdens faced
by women relative to men in the same situation. For example, the difference‐in‐difference estimates for women in
families with only children that are school aged in Column (7), Panel A of Table 3 are −.034, −.043, and −.023 for the
spring, summer and fall. Comparing the triple‐difference parameters to those from the difference‐in‐difference reveals
information about how much of the change in labor market outcomes associated with the pandemic is likely due to the
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presence of children versus other effects. In the example given here, this comparison suggests that demands associated
with having only school‐age children likely accounts for the majority of the observed widening in the female–male gap
in the employment‐to‐population ratio and hours of work for this group.

7.3 | Hours conditional on working

We also provide triple‐difference estimates (Appendix Table A4) of the response of hours of work conditioning
the sample to include currently employed individuals to explore whether the larger adaptations of women to
the pandemic occurred predominately on the intensive or extensive margin. Across the same groups considered
in Table 4, we do not find any negative statistically significant estimates. This is consistent with the dispro-
portionate impact of the pandemic on women's employment primarily occurring through reductions of
employment.

TABLE 4 Triple‐difference estimates of changes due to presence of children

Sample

(1) (2) (3) (4) (5)
Any kid +

no kid
Any 0–5 kid +

no kid
Any 6–17 kid +

no kid
Only 0–5 kid +

no kid
Only 6–17 kid +

no kid

Panel A. Employment to population ratio

Post‐COVID: Spring � Female � Child −0.0235** −0.0083 −0.0268** −0.0086 −0.0369***

(0.0105) (0.0142) (0.0113) (0.0185) (0.0123)

Post‐COVID: Summer � Female � Child −0.0219** 0.0024 −0.0280*** 0.0016 −0.0429***

(0.0095) (0.0129) (0.0102) (0.0170) (0.0112)

Post‐COVID: Fall � Female � Child −0.0230*** −0.0177 −0.0190** −0.0361** −0.0279***

(0.0087) (0.0118) (0.0093) (0.0156) (0.0103)

Panel B. Unconditional hours of work

Post‐COVID: Spring � Female � Child −0.0708 0.0167 −0.0723 −0.0329 −0.1387**

(0.0476) (0.0638) (0.0510) (0.0842) (0.0561)

Post‐COVID: Summer � Female � Child −0.1164*** 0.0174 −0.1432*** 0.0058 −0.2232***

(0.0435) (0.0588) (0.0466) (0.0782) (0.0513)

Post‐COVID: Fall � Female � Child −0.0922** −0.0444 −0.0793* −0.1192* −0.1276***

(0.0394) (0.0534) (0.0423) (0.0717) (0.0467)

Personal Yes Yes Yes Yes Yes

Seasonality Yes Yes Yes Yes Yes

Time trend Yes Yes Yes Yes Yes

Year fixed‐effects Yes Yes Yes Yes Yes

State fixed‐effects Yes Yes Yes Yes Yes

Sample size 2,228,185 1,652,397 2,014,550 1,439,059 1,801,212

Note: The sample consists of all people ages 25–55. The dependent variable is the employment to population ratio in Panel A and is log weekly working hours
on all jobs in Panel B (including 0 h for those not working and top‐coded to 60 h). Log hours are transformed with inverse hyperbolic sine to approximate logs
and include 0 h. The sample period covers January 2017 to December 2020. The reference period is February 2020. Post‐COVID periods include April to May
2020 for spring, June to August 2020 for summer, and September to December 2020 for fall. Full interactions for March 2020 and the pre‐COVID period,
though not reported in the table, are included in the analysis. All specifications include full interaction terms of the triple interaction and a constant term. The
child indicator equals to 1 for the presence of children of different ages and equals to 0 for no presence of children. All specifications also control for years of
potential work experience and its square, education level, and marital status. Specifications are estimated using CPS data with sample weights and robust
standard errors. Standard errors in parentheses.
*p < .10, **p < .05, ***p < .01.
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8 | EXPLAINING THE MALE–FEMALE GAP IN UNEMPLOYMENT RATES

We turn to exploring whether the types of jobs held and skill levels of women placed them at higher or lower risk of
negative labor market outcomes from COVID‐19 relative to men. These factors may have contributed to the impacts of
COVID‐19 on gender gaps in addition to increased child caregiving by women. The closure of non‐essential businesses
and consumer shifts away from in‐store purchases resulted in higher unemployment for jobs in many sectors. To what
extent were women more or less concentrated in these jobs than men?

Before turning to an analysis of the contribution of job types and skill levels, we note that the CPS primarily collects
information on industry and occupation only for those who are in the labor force.13 Information on occupation and
industry are not available for those out of the labor force who did not work in the past 12 months. For our sample,
occupation and industry information is only available for 3% of those out of the labor force.14 The lack of occupation
and industry information for nearly all individuals who are out of the labor force rules out an analysis of the
employment‐to‐population ratio. Thus, we narrow the focus to those in the labor force and unemployment as the labor
market outcome.

8.1 | Differential job and skill characteristics and unemployment risk

To investigate whether various job, skill and regional characteristics place women at differential risk of unemployment
in the pandemic, we first compare female and male distributions of these characteristics. Table 5 presents female and
male distributions prior to the pandemic and the national unemployment rate in the pandemic for several charac-
teristics. As would be expected due to state closure policies that arrived in March 2020, the unemployment rate since
April 2020 has been remarkably high (at 16%) among those who worked in non‐essential industries. The proportion of
women working in non‐essential industries was also substantially higher than for men (17.1% vs. 11.8%). Thus,
employment in those industries would be expected to increase the male–female gap in the unemployment rate since the
onset of the pandemic.

Measured skills in terms of educational attainment are an important correlate of labor market outcomes. As
shown in Table 5, men are more likely than women to be a high school dropout (8.8% vs. 5.6%) or high school graduate
(28.1% vs. 21.2%). Women are more likely to complete higher levels of education than men such as college (28.2 vs. 24.7)
or post‐graduate degrees (17.3% vs. 13%). These differences in educational attainment would be expected to narrow the
unemployment gap between men and women in the pandemic.

Several industries in which men are concentrated experienced relatively high unemployment rates in the pandemic.
For example, Construction and Transportation had relatively high unemployment rates since April 2020 (9.1% and 9.7%
respectively) but also had much larger proportions of men than women employed in them prior to the pandemic. For
example, 13.2% of men but only 1.6% of women worked in construction. Similarly, 8.1% of men and 3.0% of women
worked in Transportation.

Two occupational categories that experienced lower than average unemployment since the onset of the pandemic
are Management (4.5%) and Professional and Business Services (5.0%). Across these two occupations a notably larger
combined proportion of women (48%) than men (38%) are employed in them. In areas like Services, though, which has
experienced higher than average unemployment (14.9%), more women (19.3%) than men (12.8%) are employed.
Construction, Production, and Transportation occupations have far more men employed in them than women and have
relatively high unemployment rates (11.0%, 10.0%, and 12.6%, respectively). Overall, it appears as though differential
occupational concentrations are leaning toward being favorable for women in the pandemic relative to men, however, it
is difficult to tell.

Women also tend to be more concentrated in jobs where they can work remotely (46.2%) than men (33.1%). Women
are also more likely to work in jobs that are exposed to disease or illness at work than men.15

8.2 | Decomposition of female–male unemployment gap

We use a decomposition technique that allows us to estimate the separate contributions from differences between men
and women in education, industry, occupation, and other characteristics to gender gaps in unemployment rates.
Specifically, we decompose inter‐group differences in a dependent variable into the portions due to different observable
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TABLE 5 Worker and job characteristics and unemployment from COVID‐19

Percentage (Feb 2017–Feb 2020) Apr 2020–Dec 2020

Men Women Total
National

unemployment rate

Essential

Nonessential industry 11.8% 17.1% 14.2% 16.0%

Essential industry 88.3% 82.9% 85.8% 7.2%

Education

High school dropout 8.8% 5.6% 7.3% 13.5%

High school graduate 28.1% 21.2% 24.9% 11.2%

Some college 25.5% 27.8% 26.6% 9.3%

College graduate 24.7% 28.2% 26.3% 6.4%

Graduate school 13.0% 17.3% 15.0% 3.9%

Region

Northeast 17.1% 17.7% 17.3% 9.7%

Midwest 20.7% 21.3% 21.0% 7.5%

South 37.3% 37.5% 37.4% 7.4%

West 25.0% 23.6% 24.3% 9.4%

Experience

Potential experience (years) 20.4 20.0 20.2 ‐

Less than median ‐ ‐ ‐ 8.6%

More than median ‐ ‐ ‐ 8.1%

Major industry

Agriculture, forestry, fishing, and hunting 1.8% 0.8% 1.3% 6.0%

Mining 0.9% 0.2% 0.5% 13.2%

Construction 13.2% 1.6% 7.8% 9.1%

Manufacturing 13.7% 6.6% 10.4% 7.3%

Wholesale and retail trade 12.2% 11.0% 11.7% 8.4%

Transportation and utilities 8.1% 3.0% 5.7% 9.7%

Information 2.3% 1.6% 2.0% 8.2%

Financial activities 6.3% 8.0% 7.1% 4.4%

Professional and business services 14.3% 11.7% 13.1% 6.8%

Educational and health services 10.7% 37.3% 23.2% 5.9%

Leisure and hospitality 7.2% 8.2% 7.7% 24.1%

Other services 4.1% 5.3% 4.7% 11.7%

Public administration 5.2% 4.7% 5.0% 2.6%

Major occupation

Management, business, and financial occupations 17.9% 17.2% 17.6% 4.5%

Professional and related occupations 20.1% 30.8% 25.1% 5.0%

Service occupations 12.8% 19.3% 15.9% 14.9%

Sales and related occupations 8.8% 9.1% 8.9% 9.0%
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characteristics across groups (the endowment effect) and to different “prices” of characteristics of groups (see
Blinder, 1973; Oaxaca, 1973). The Blinder‐Oaxaca decomposition of the female–male gap in the unemployment rate, Y,
can be expressed as:

YF − YM
¼
h�

XF − XM
�
β̂
Fi
þ
h
XM
�
β̂
F

− β̂
M�i

ð3Þ

We focus on estimating the first component of the decomposition that captures contributions from differences in
observable characteristics or “endowments.” We weight the first term of the decomposition expression using coefficient
estimates from a pooled sample of all groups (Oaxaca & Ransom, 1994). Pooled coefficients are used to incorporate the
full market response and not exclude any groups of the population.16

The contribution from gender differences in the characteristics can be written as:

�
XF − XM

�
β̂∗ ð4Þ

where Xjare means of individual characteristics of gender j, β̂∗ is a vector of pooled coefficient estimates, and j = F or M
for female or male respectively. Equation (4) provides an estimate of the contribution of gender differences in the entire
set of independent variables to the gender gap in unemployment. Separate calculations are made to identify the
contribution of group differences in specific variables to the gap. Because unemployment is a binary outcome we use the
related, popular non‐linear decomposition technique (Fairlie, 1999, 2005; Jann, 2006).17

Table 6 reports estimates from the non‐linear decomposition procedure. Column (1) reports the unemployment
decomposition for the pre‐COVID reference month (i.e., February 2020). Just prior to the pandemic, women had a
lower unemployment rate than men. Women's distribution across occupations and their higher educational attainment
were significant explanatory factors in February 2020, which lowered the female–male unemployment gap by about 0.6
and 0.2 percentage points, respectively.

Decomposition estimates for each post‐Covid period starting in the spring of 2020 are reported in Columns (2)
through (4) of Table 6. With respect to factors unique to the pandemic, we find some evidence that being in a job where

TABL E 5 (Continued)

Percentage (Feb 2017–Feb 2020) Apr 2020–Dec 2020

Men Women Total
National

unemployment rate

Office and administrative support occupations 5.7% 16.5% 10.8% 7.8%

Farming, fishing, and forestry occupations 1.0% 0.4% 0.7% 10.2%

Construction and extraction occupations 10.7% 0.4% 5.9% 11.0%

Installation, maintenance, and repair occupations 5.9% 0.3% 3.3% 7.5%

Production occupations 7.5% 3.4% 5.6% 10.0%

Transportation and material moving occupations 9.4% 2.5% 6.2% 12.6%

Telework

Share of jobs that can be done at home 33.1% 46.2% 39.2% ‐

Less than median ‐ ‐ ‐ 10.3%

More than median ‐ ‐ ‐ 6.3%

Health risk

Exposed to health risk index (Z‐score) −0.24 0.27 0.00 ‐

Less than median ‐ ‐ ‐ 7.2%

More than median ‐ ‐ ‐ 9.5%

Note: Sample includes all individuals ages 25–55 in the labor force. Calculations make use of CPS microdata and sample weights.
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it was more likely to telework explains part of the unemployment gap in the spring and fall.18 The distribution of
workers across industries and in essential industries became a significant explanatory factor for the widening gender
gap in unemployment in the post‐COVID period during the spring and summer explaining 0.95 to 0.40 percentage
points of the gap. However, in the fall, this factor narrowed the female–male unemployment gap by 0.40 percentage
points. We examined disaggregated quarterly rates of unemployment to help understand this change and found that as
rehiring began in the fall of 2020, that women's unemployment in essential industries declined more rapidly than men's
(see Appendix Figure A1). We also found that the negative influence due to women's employment in leisure and
hospitality industries was alleviated in the fall of 2020 (see Appendix Figure A2).

Differences in potential experience also served to widen the gender gap between women and men throughout the
sample period. Potential experience, commonly measured by subtracting years of education from age, is known to
misstate actual gaps in experience (Blau & Kahn, 2013b; Zveglich et al., 2019). As an alternative measure, we explored
the use of an expected experience measure developed by Zveglich et al. (2019) and found that while it explained more of
the gap before the pandemic, it was less explanatory than potential experience in the pandemic.19 This likely reflects
changes in employment due to altered childcare demands rather than actual job experience.

The occupational distribution for female workers served to lower the gap between women and men consistently
across the post‐COVID periods (by roughly one percentage point in the spring but about the same magnitude in the fall
as in February). The greater educational attainment of women also served to reduce the female–male unemployment
gap in each period beyond February (by roughly 0.6 and 0.5 percentage points in the spring and summer before
declining in magnitude to roughly the February level in the fall). Gender differences in exposure to health risks are
found to be a statistically significant explanatory variable that serves to narrow the unemployment gap in the spring but
not during other periods.20 Overall, traditional determinants of cross‐group differentials such as education, industry and
occupation contribute in various ways to gender gaps in unemployment in the pandemic.

TABLE 6 Nonlinear decompositions of unemployment

(1) (2) (3) (4)
Pre‐COVID Post‐COVID Post‐COVID Post‐COVID
Feb 2020 Spring 2020 Summer 2020 Fall 2020

Female unemployment rate 2.98 12.81 9.47 6.13

Male unemployment rate 3.75 11.21 8.32 6.15

Female–Male gap −0.76 1.60 1.15 −0.02

Essential/major industry −0.15 0.95*** 0.40** −0.40***

(0.16) (0.23) (0.16) (0.10)

Major occupation −0.57*** −1.04*** −0.81*** −0.58***

(0.18) (0.25) (0.17) (0.11)

Education −0.24*** −0.64*** −0.45*** −0.27***

(0.05) (0.07) (0.05) (0.03)

State 0.01 −0.06* −0.04* −0.03*

(0.02) (0.03) (0.02) (0.02)

Potential experience 0.04* 0.07*** 0.11*** 0.04***

(0.02) (0.02) (0.02) (0.01)

Telework −0.07 −0.36*** −0.08 −0.07*

(0.06) (0.09) (0.07) (0.04)

Health risk (Z‐score) 0.06 −0.23* −0.06 0.04

(0.08) (0.12) (0.08) (0.05)

Sample size 37,926 61,112 89,094 139,274

Note: All nonlinear decomposition specifications use pooled coefficient estimates from the full sample of male and female. CPS data and sample weights are
used in all specifications. Standard errors are reported in parentheses below contribution estimates. Post‐COVID periods include April to May 2020 for spring,
June to August 2020 for summer, and September to December 2020 for fall.
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9 | CONCLUSION

The emergence of COVID‐19 and its spread in the United States disrupted the labor market through the closure of
essential businesses and reductions in demand as consumers avoided interpersonal contact in making transactions. The
movement of schools to distance learning in the pandemic also meant children who might have been at school, in day
care, or at summer camps were now spending full days at home creating additional childcare demands on parental
time. Have women been disproportionately affected by COVID‐19 due to being concentrated in jobs impacted the most
by “nonessential” business closures and increased child caregiving demands?

The impacts from the pandemic can first be directly measured in the April 2020 CPS data. Using these data and
subsequent months of the CPS, we find that employment and hours of work of women declined more than for com-
parable men during the months following the widespread adoption of social distancing measures. The largest relative
reductions in employment and hours of work were among women with only school‐age children. Women with school‐
age children suffered losses in employment across the three post‐Covid periods ranging from 2.3 to 4.3 percentage
points and losses in hours worked ranging from 8.3% to 26.7%. This group of women was more integrated into the labor
market prior to the arrival of the pandemic because their children were in school enabling them to go to work. The
evidence indicates that as their children arrived home due to school closures and distance learning that women's work
activity declined disproportionately relative to men.

Estimates based on triple‐difference models that compare the experiences of women and men in households with
school‐age children to similar men and women without children are similar in magnitude to estimates from difference‐
in‐difference models. The similarity of estimates suggests that the majority of the increased gap in male and female
labor market outcomes is attributable to increased demands related to children spending more time at home due to
school closures. When we focus on married couples we find similar results. The relative losses in work activity among
women when we focus on married women and men with school‐age children further suggests that household labor
supply decisions were not favorable to working mothers during the early stages of the pandemic. There appears to have
been a sizable motherhood penalty due to COVID.

In assessing job and personal characteristics that potentially explain the differential experiences between women and
men, higher educational attainment and a less‐impacted occupational distribution help reduce the unemployment gap
observed between women and men. However, other factors unique to the pandemic also play an important role. For
example, the ability to telework is much more concentrated among women and helped reduce the observed gap between
women and men's unemployment in the spring when social distancing restrictions were first mandated. Although
women's lower concentrations in essential industries widened the unemployment gap in the first two post‐Covid periods,
as rehiring occurred in fall 2020, women's unemployment rate in essential industries declined more rapidly than men's.

Three quarters beyond the initiation of the economic downturn and school shutdowns from COVID‐19, we observe
a general pattern of widening gender gaps due to COVID‐19 through the summer with narrowing gaps in the fall. The
difference‐in‐difference and triple‐difference estimates both show larger negative impacts in the summer than in the
spring. With the availability of effective vaccinations, it is likely that economic activity will further improve. Estimates
from the fall indicate that the gender gap has narrowed but employment and average hours of men and women both
remained below pre‐pandemic levels. As the economy re‐opens, it remains to be seen if women will fully regain the
longer‐term progress made in narrowing gender gaps in the labor market prior to the pandemic.

Beyond these shorter‐term considerations, prior research (Juhn & McCue, 2017; Goldin & Mitchell, 2017) dem-
onstrates that women pay a lasting cost in terms of their employment and pay associated with absences from the labor
market associated with childbirth. The closure of schools and day care centers due to COVID‐19 and the relatively large
reductions in employment of women associated with caring for children who returned home could potentially have
similar long‐term impacts. Lost opportunities for advancement due to absence from work and depreciation of human
capital related to the pandemic could lead to long‐lasting negative impacts on relative labor market outcomes of women.

ORCID
Huanan Xu https://orcid.org/0000-0002-5750-7457

ENDNOTES
1 April and May 2020 are included in the spring, June to August 2020 included in the summer, and September to December 2020 in the fall.
2 We also considered estimates stratified by number of children present rather than the ages of children. The main part of the effects shows

up with having one child and not as an increasing function in the number of children. The fixed cost of having one child at home on
women's labor supply may be more important than the incremental cost of having additional children at home.
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3 See https://coronavirus.delaware.gov/resources‐for‐businesses/.
4 The post‐COVID periods are April through December 2020. Spring includes April and May; summer includes June to August; fall includes

September to December. We do not report March 2020 in Tables 1 and 2 because it was only partially affected by COVID‐19 (Couch
et al., 2020).

5 Hours are transformed with inverse hyperbolic sine to approximate logs and include 0 h. The inverse hyperbolic sine transformation is
given as: sinh−1(Hours) = ln (Hours +

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
Hours2 þ 1

p
)

6 We also conduct the analysis using post‐COVID month dummies instead of the quarter indicators. Results are similar and are shown in
Appendix Table A1. (difference‐in‐difference estimates) and Table A2 (triple‐difference estimates).

7 We include a full set of interactions for March. Findings are robust to the exclusion of March 2020 data.
8 Estimates are robust to including quadratic and cubic trends and interactions.
9 For both the difference‐in‐difference and triple difference estimates, we explored whether patterns of statistical significance for the

employment‐to‐population ratio or hours of work would be affected by clustering standard errors by state. Clustered standard errors do
not impact patterns of significance across family types or inferences drawn in the study.

10 In the models with annual pre‐period dummies, we also include a trend‐squared and cubed term in the models.
11 Results are available upon request.
12 Married couples here references both opposite‐ and same‐sex marriages.
13 The one exception is for those who are unemployed and looking for work but have not previously worked. For our sample, 3% of the

unemployed who are looking for work have missing occupation and industry information.
14 Even in April 2020, we find that only 6% of those out of the labor force have occupation and industry information.
15 Although we report that higher than median levels of health risk are associated with higher unemployment rates relative to lower than

median levels of health risk in Table 5, the relationship follows more of an inverted U shape pattern.
16 An indicator variable for women is included in the underlying regression.
17 For the following application, we find that estimates from the linear Blinder‐Oaxaca decomposition are similar.
18 Note that the included major occupation dummies are at the two‐digit level whereas the telework variable is defined at the four‐digit

occupation level. After removing the occupation dummies we find that telework variable becomes stronger.
19 Results are available upon request.
20 We can distinguish between the health risk and occupation contributions in the decompositions because the set of occupation dummy

variables are at the two‐digit level whereas the health risk variable is constructed to have variation at the much more detailed four‐digit
level. The decomposition estimates for the occupation contribution are robust to excluding the health risk variable. We also find that the
decomposition estimates for the health risk contribution are robust to excluding the occupation dummies.
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