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Abstract

In response to the COVID-19 pandemic, restrictions imposed had a dis-
proportionate effect on women, leading to an economic downturn re-
ferred to as the “she-cession”. This thesis investigates the transition
from she-cession to she-covery, with a focus on how the ease of pan-
demic restrictions has influenced women’s participation in the labor
force. By analyzing comprehensive US labor statistics through a three-
step approach that includes regression and Difference-in-Difference-in-
Differences analyses, this study identifies key mechanisms within the
labor market that are hidden in aggregated data. Our findings indicate
that although the lifting of restrictions resulted in a temporary boost
in women’s labor force participation, the long-term impacts are still
shaped by traditional gender roles. This paper highlights the critical
need for policy development that considers gender norms when aiming
to increase women’s labor force participation and foster a genuine “she-
covery”.
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Chapter 1

Introduction
Two primary factors made the SARS-CoV-2 (COVID-19) pandemic the first re-
cession in history to disproportionately affect women, rather than men, in terms
of job losses. First, the implementation of social distancing and lockdown meas-
ures led to layoffs primarily in sectors predominantly staffed by women (Goldin
2022b; Mohapatra 2021). Second, the widespread closure of schools, nurseries
and daycare centers shifted a significant amount of childcare responsibilities into
the homes, thereby increasing the demand for unpaid domestic labor (Heintz et
al. 2021). These two factors are the reasons why the pandemic is remembered as
a “she-cession” (Goldin 2022b).

Previous studies find that women with college degrees were somewhat shiel-
ded from job losses, since they were employed in sectors less affected by pandemic
restrictions or had opportunities to work from home (Goldin 2022b; Adams-Prassl
et al. 2022). However, despite these advantages, approximately 5.1 million wo-
men in the United States (US) were still forced to leave the workforce to care
for their children (CDC 2023b). During the initial reopening from May to Au-
gust 2020, men returned to work faster than women (Kim et al. 2022). By May
2021, about 1.3 million women remained out of the workforce, marking the low-
est participation rate since 1986 (CDC 2023b). When the mitigation measures
were lifted in June 2022, only 58.1% of women aged 20 years and older were
participating in the labor force, still 1.2 percentage points lower than the pre-
pandemic levels (U.S. Bureau of Labor Statistics 2023). In the post-pandemic era,
where COVID-19 restrictions have been lifted, we might expect a labor market
recovery for women. However, recovering from a situation marked by reinforced
traditional gender roles, which dictate that the increased burden of household
labor falls mainly on women (Zhang et al. 2024), may not be as straightforward
as it seems.

In this paper, we document changes in women’s labor force participation rates
in the post-pandemic period. We employ a three-step analysis approach to ex-
amine the entire pandemic period up to the present time and compare it with
preceding, more typical years. The first step replicates the study conducted by
Goldin (2022b), identifying the groups of women in the US unequally affected
by job losses at the onset of the pandemic. Secondly, we extend Goldin’s analysis
to include a later time period and shift our focus to examine the dynamics of en-
tering the labor force across genders following the end of COVID-19 restrictions.
We focus on the prime-working-age population initially out of the labor force and
compare the outcomes with those of pre-pandemic years. In our final step, we
conduct Difference-in-Difference-in-Differences (DDD) analyses. This method en-
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ables us to compare different groups of women, focusing on how gender roles
within households, following the lifting of the final pandemic restrictions, affect
women’s likelihood of entering the labor force.

Our results reveal that the lifting of pandemic restrictions positively affected
the likelihood of both men and women entering the labor force, with an even
greater effect for women. However, this additional positive impact distinguishing
women from men did not persist as a long-term pattern. Additionally, our find-
ings suggest that the typical negative impact on women’s likelihood of entering
the labor force, relative to men, is reinforced by both childcare responsibilities and
pre-existing gender inequalities among different segments of the prime-working-
age population. Our extended analysis further shows that household gender roles
influence labor force participation, with single women experiencing a less pro-
nounced negative effect compared to their married counterparts. This variation
becomes even more evident from our DDD analyses, which highlight the persist-
ence of restrictive gender norms post-pandemic. These results may suggest an
intensification, or at least a more visible manifestation, of traditional gender roles
that discourage married women living with their husbands from participating in
the labor force.

The results presented in this paper align with previous literature. Following
the lifting of COVID-19 restrictions, we should expect a labor market recovery
for women, who were unequally affected by job losses (Goldin 2022b). In a post-
pandemic era, we might even observe an increased labor force participation rate
among women, facilitated by remote work opportunities that allow for a balance
between work and family obligations. However, there is a concern that this in-
crease may only be short-term (ibid.). The reason why long-term labor market
patterns may diverge could be attributed to the reinforced and intensified tradi-
tional gender roles within households (Kabeer et al. 2021; Kevane et al. 2024).

The COVID-19 pandemic serves as a practical illustration of the social re-
production theory (SRT), which posits that the increased demand for household
labor during the pandemic primarily falls on women, thereby reinforcing tradi-
tional gender norms that are reproduced through continuous practice (Laslett
and Brenner 1989). This paper contributes to filling the literature gap on how
women’s labor market patterns are shaped by gender roles within households in a
post-pandemic era. Our study highlights that to successfully increase female labor
force participation rates among the prime-working-age population, policies must
consider gender norms. To do so, we must go beyond aggregated data and focus
on gender differences across sociodemographic groups.
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1.1 Background

The background section presents the different time periods relevant to our three-
step analysis, and explains the gradual lifting of COVID-19 restrictions which res-
ults in our proxy for the end of restrictions and the onset of the post-pandemic
period.

The pre-pandemic period, from January 2018 to February 2020, is referred to
as the “counterfactual” throughout this paper. This time frame is used to simulate
a hypothetical labor market scenario that might have existed if the pandemic had
not occurred (Goldin 2022b). The counterfactual allows us to account for regu-
lar fluctuations in the labor market, including seasonal variations and provides a
baseline for estimating the pandemic’s impact on the labor market (ibid.).

In this paper, we define the pandemic period, marked by mitigation measures,
as spanning from March 2020, when the World Health Organization declared
COVID-19 a global pandemic (CDC 2023b), to June 2022. During this period,
restrictions were periodically lifted and reinstated. Throughout the first half of
2022, these measures were systematically removed in the US (Our World in Data
2023). By February 2022, all mandates restricting public gatherings had been lif-
ted. In March, school closures shifted from mandatory to recommended. By April,
stay-at-home orders were completely lifted, and by May, mandatory cancellations
of public events had ceased. This progression reflected a trend toward returning
to normalcy (ibid.). By June 2022, there were no longer any mandates requiring
a negative COVID-19 test for entering the country (CDC 2023a).
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Figure 1.1 illustrates the Stringency Index1 between 2020 and 2022, providing
a visual representation of the gradual relaxation of the COVID-19 restrictions.

Figure 1.1: The Stringency Index between January 2020 and December 2022
based on three different vaccination statuses.

As shown in Figure 1.1, the middle of 2022 marks a significant point in the
US pandemic’s downgrade of restrictions. Initially, regulations were applied uni-
formly regardless of the vaccination status, but from June 2022, the path diverged,
with fewer restrictions on vaccinated individuals.

Given this development, June 2022 is assumed to be the most plausible marker
for the end of the COVID-19 restrictions in this paper. This date serves as a proxy
to assess the impact of the end of pandemic restrictions on the labor market. By
choosing June 2022, we also account for factors such as the peak of Omicron
between December 2021 and March 2022, as well as potential lagged effects on
workforce participation recovery. Consequently, the post-pandemic period is con-
sidered to start in June 2022 and extends to the latest available data in February
2024, allowing for an evaluation of the post-pandemic effects on the labor market.

1The Stringency Index measures how strict the US’s policies are in response to the pandemic,
including school and workplace closures, public event cancellations and travel restrictions (Our
World in Data 2023). Each restriction is scored from 0 to 100, and the average of these scores gives
the daily index value. A higher score means stricter policies. If policies differ between states within
the US, the index shows the strictest policy in place (ibid.).
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Chapter 2

Social reproduction theory
The mitigation measures implemented by the US government to hinder the spread
of the COVID-19 pandemic triggered a social reproduction crisis (Mezzadri et al.
2022). The mass closure of schools, nurseries and daycare centers significantly
increased the demand for unpaid domestic labor (Heintz et al. 2021). The social
reproduction theory (SRT) provides a framework for understanding the gender-
related mechanisms that influence the supply of unpaid domestic labor.

Building on Marx’s (1885) analysis of capitalism, which underscores the crit-
ical role of labor force continuity in sustaining the economic system, feminist
scholars like Laslett and Brenner (1989) have further developed these ideas (Bhat-
tacharya and Vogel 2017). While Marx focused on the necessity of regenerating
the worker population for the ongoing production of commodities in a capitalist
society, feminist extensions of his work highlight the essential labor behind this
process, referred to as social reproduction. This involves domestic and care work,
including activities such as preparing food, providing clothing, maintaining shel-
ter for immediate consumption, caring for and socializing children, and providing
informal care for the elderly (Laslett and Brenner 1989). Scholars of this theory
point out that the provision of domestic labor is predominantly undertaken by
women, due to gender norms that expect women to prioritize unpaid over paid
labor (Bhattacharya and Vogel 2017). The continual engagement of women in
household labor contributes to the perpetuation of gender inequality (ibid.).

The pandemic reemphasized the importance of households in providing wel-
fare and enhanced the visibility of social reproduction (Stevano et al. 2021). In
times of crisis, the government has the capability to influence gender norms of
social reproduction and potentially reduce gender inequality by implementing
various austerity measures (Himmelweit 2017). However, it is evident that the
austerity measures introduced during the COVID-19 pandemic reinforced rather
than reduced traditional gender roles, keeping women out of the labor force (Ka-
beer et al. 2021; Kevane et al. 2024). If a crisis exacerbates traditional gender
stereotypes, the aftermath could both solidify and amplify these norms, leading
to a new “old” normal (Anderson 2015, pp. 28–49).

This paper builds on social reproduction theory, which asserts that unpaid
labor is primary undertaken by women due to gender norms and is reinforced
through continuous practice. Following the increased demand for household labor,
we hypothesize that these reinforced traditional gender roles within households
are constraining factors in women’s labor market recovery post-pandemic.
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Chapter 3

Literature review
There is a large body of literature on the labor market impacts of COVID-19. This
thesis builds upon those studies that specifically address the consequences of the
pandemic, which may explain the potentially persistent effects on women’s labor
market recovery.

3.1 The she-cession

The COVID-19 pandemic has uniquely impacted the labor market, affecting em-
ployment across genders in ways not seen in previous recessions (Goldin 2022b;
Hauzel and Pattnaik 2023). Historically, in the US, recessions have typically hit
male-dominated sectors like manufacturing and construction hardest, resulting in
greater job losses for men compared to women. Conversely, sectors with higher fe-
male employment, such as education and health care, have shown more resilience.
However, the COVID-19 crisis has diverged from this pattern, targeting industries
with substantial female employment due to the demands of social distancing and
other lockdown measures. For instance, sectors like hospitality, tourism, entertain-
ment and retail sales, which were less affected in past downturns, have experi-
enced significant job losses, disproportionately affecting women (Goldin 2022b;
Mohapatra 2021; Heintz et al. 2021; Bredemeier et al. 2023; Kabeer et al. 2021;
Holder et al. 2021).

On the other hand, Goldin (2022b) highlights that the differences in labor
market outcomes between men and women during the pandemic were not as large
as portrayed in the media. Goldin finds that the greatest disparities occurred not
simply between genders but among various sociodemographic groups of women.
The most affected were women without college degrees, single mothers to young
children, Black and Hispanic women, and older daughters providing care for their
aging parents (ibid.).

The impact of the COVID-19 pandemic on job losses for women was not only
because they were overrepresented in sectors affected by lockdowns and social
restrictions, but also due to the widespread shutdown of schools, nurseries and
daycare facilities (Heintz et al. 2021). In the US, parents experienced a significant
increase in child-rearing duties, and only approximately one percent of the par-
ents reported that they shared childcare and household chores evenly (Carlson et
al. 2021). This small proportion of parents managing equal childcare during the
pandemic could be explained by the high number of women employed in essential
in-person professions, leading to fathers staying home to care for the children. This

6



suggests that partners may have acted as shock absorbers, somewhat protecting
these women from the increased childcare burden, rather than serving as labor-
market insurance in case of job loss (Kim et al. 2022). Typically, lower-income
women are more likely to rely on extended-family networks for caregiving than
other demographic groups (Peek and Fothergill 2008). When crisis make these
networks inaccessible, these women are more likely to be hurt (ibid.).

However, regardless of their labor market status or professional commitments,
it is clear that mothers spent more time than fathers on childcare during the
pandemic (Mohapatra 2021; Moos 2021; Farré et al. 2022; Hauzel and Pattnaik
2023). Previous literature states that working mothers managed to balance their
employment with childcare in a manner similar to their unemployed husbands,
but unemployed mothers doubled their childcare time compared to their em-
ployed counterparts. Consequently, the disruption in women’s paid work has been
more substantial, with men experiencing nearly twice as many uninterrupted
work hours (ibid.). This has led to a widening gap between men and women
in total hours worked, including both paid and unpaid labor (Hauzel and Pattnaik
2023). This unequal division of unpaid work between the genders has forced wo-
men to exit the labor market, leading to economic insecurity, with effects observed
in both the short and long term (Hauzel and Pattnaik 2023; Kabeer et al. 2021).

Hauzel and Pattnaik (2023) argue that the reasons why women primarily take
on the caregiving responsibilities are due to the tendency for women’s jobs to
be undervalued and precarious as well as traditional gender norms. Women oc-
cupy part-time or lower-paying positions to a greater extent than men. Therefore,
during economic downturns, it becomes economically viable to reduce women’s
paid work rather than men’s, making women more likely to take on unpaid care-
giving roles (ibid.). However, other researchers have explored deeper mechan-
isms behind this disparity, finding that economic incentives do not always de-
termine employment outcomes within families (Correll et al. 2007). For instance,
the gendered cultural model of the male breadwinner may lead employers to fa-
vor fathers over other workers in employment decisions, including whom to lay
off during economic downturns. The gendered cultural model of men as bread-
winners and women as caregivers also explains gender stereotypes which lay the
framework for traditional gender norms that dictate the roles and behaviors ex-
pected of each gender within a household (Zhang et al. 2024). These traditional
gender norms played a significant role in the disproportionately increased unpaid
domestic work that fell on women during the pandemic (Hauzel and Pattnaik
2023).

3.2 The post-pandemic era

The she-cession has clearly highlighted the role of women as agents of change
as we transition from the COVID-19 period to the post-pandemic era (Mohapatra
2021). Previous studies emphasize the importance of recovery policies and polit-
ical responses that focus on social reproduction and its critical role in sustaining
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work and life (Kabeer et al. 2021; Kevane et al. 2024). Social and gender norms,
along with new internalized behaviors and the distribution of care work within
households, significantly influence the efficiency of economic recovery after the
pandemic (Kevane et al. 2024). According to Moos (2021), while the US federal
government has provided short-term economic assistance in response to COVID-
19, it has failed to address the long-term needs for social reproduction. The gov-
ernment has neglected the increasing responsibility for socially reproductive work
that households, particularly those headed by women, must manage.

The increased fundamental role of unpaid care during the pandemic has ad-
versely affected women’s labor market patterns, leading to both losses of perman-
ent jobs and diminished future economic performance by disrupting their invest-
ments in human capabilities (Lafuente et al. 2022; Heintz et al. 2021). In the
Spanish labor market, Lafuente et al. (2022) find that mothers have suffered rel-
atively larger losses of high-duration jobs since the pandemic began, more so than
men or women without children. These losses emerged approximately one year
after the onset of the pandemic and persist, despite a recovery in the aggregate
male and female employment rates. Their results highlight potential labor mar-
ket scars, particularly for mothers, which are obscured by standard employment
statistics. These findings indicate that mothers continue to face labor market chal-
lenges stemming from the pandemic into late 2022 (ibid.). Additionally, job losses
have not only been a temporary setback for those affected during the pandemic
but have also led to long-term implications for career progression and future earn-
ings, exacerbating gender inequality (Heintz et al. 2021; Moos 2021). Moreover,
since women generally earn less and accumulate less wealth than men, the impact
of job loss has been more pronounced for them (Hauzel and Pattnaik 2023).

However, in a post-pandemic era, studies by Arntz et al. (2022) and Goldin
(2022b) suggest that the higher acceptance and availability of working from home
(WfH) provide opportunities for mothers to increase their working hours and
earnings and for fathers to dedicate more time to childcare. This shift can help re-
duce gender gaps in wages and promotions by more evenly distributing childcare
responsibilities within the household, thereby diminishing the so-called “child
penalty” (Hauzel and Pattnaik 2023; Arntz et al. 2022). The child penalty refers
to the average percentage by which women’s earnings fall behind men’s five to
ten years after the arrival of the first child (Kleven et al. 2019). In the US, this
long-term child penalty accounts for more than two-thirds of the overall gender
earnings gap (Cortés and Pan 2023). Therefore, the potential for higher WfH rates
in a post-pandemic world suggests an increase in gender equality (Hauzel and
Pattnaik 2023).

On the other hand, after the increase in WfH rates post-pandemic, previous
literature highlights gender disparities among parents. While mothers are more
likely to work remotely to balance work and family obligations, fathers tend to use
remote work primarily for its comfort (Hauzel and Pattnaik 2023). Moreover, al-
though studies indicate a decrease in the gaps in both working hours and monthly
salary between mothers and fathers post-WfH adoption, increases in hourly pay
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are predominantly observed for fathers (Arntz et al. 2022).
Additionally, while previously introduced flexible work arrangements were ini-

tially thought to benefit mothers, they have also reinforced traditional gender
norms (Hauzel and Pattnaik 2023). For instance, laws promoting paternity leave
and part-time jobs, intended to aid women’s employment, have inadvertently
hindered their career growth and reduced their pay, especially since women util-
ize these options more frequently than men. This suggests that the new normal
of flexible working hours and remote work opportunities in a post-pandemic era
might further widen the gender wage and advancement gaps (ibid.). As Goldin
(2022b) argues, although WfH arrangements and increased flexibility can offer
part-time opportunities that benefit women in the short term, there are concerns
about their long-term efficacy. The full impact of these trends on gender equality
in the workplace remains to be seen (ibid.).

This paper makes three important contributions to the existing literature. First,
it successfully replicates the study conducted by Goldin (2022b), confirming the
findings and demonstrating the effectiveness of her method. This builds trust in
the accuracy of the additional analyses presented in this study. Second, this paper
is among the first to examine the evolution of women’s labor force participation in
the aftermath of the atypical event of COVID-19. It particularly focuses on how the
transition back to a new normal has been influenced by the significant increase
in unpaid domestic labor for women, thereby disrupting their employment de-
velopment. In the US, such disruption is typically associated with childbirth, but
now extends to broader labor market challenges, where the child penalty already
accounts for two-thirds of economic gender inequality (Cortés and Pan 2023).
Third, this paper goes beyond aggregated data by focusing on differences across
sociodemographic groups to uncover lingering effects that can be explained by
traditional gender norms, which according to theory may have been intensified
during the pandemic.
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Chapter 4

Data and methodology
This chapter begins by describing how the data sample was constructed, followed
by a discussion about the creation of the counterfactual, and concludes with an
explanation of the three-step methodology applied. The first step replicates the
regression analysis conducted by Goldin (2022b). The second step extends this
analysis to include a later time period using a similar regression approach. The
final step builds on the findings from the regression analyses by conducting various
of DDD analyses.

4.1 Data sample

The analysis utilizes longitudinal microdata from the Current Population Sur-
vey (CPS), provided by the Integrated Public Use Microdata Series (IPUMS), the
primary source for US labor market statistics (Flood et al. 2023)2. The extrac-
ted dataset spans from January 2018 to February 2024 and includes the prime-
working-age population, aged between 20 and 54. The CPS uses a rotating panel
design, in which individuals are surveyed for four consecutive months, take an
eight-month break, and then are surveyed again for four months. By taking ad-
vantage of this unique rotating structure, we construct yearly employment flows
following the methodology established by Madrian and Lefgren (2000), match-
ing monthly observations of individuals through unique identifiers. To ensure data
accuracy, we use the IPUMS validation file, which checks for consistency in age,
sex and race to verify that each individual has been interviewed at least once in
each of two consecutive years. Those who do not meet these validation criteria
are excluded. This dataset forms the basis for all data samples used in our three-
step analysis approach. The following sections will detail the creation of each
subsample for every step of the analysis.

4.2 Counterfactual

To estimate the impact of the COVID-19 pandemic on the labor market, we com-
pare labor market outcomes during the pandemic with those from a more typ-
ical period. The difference in outcomes provides a measure of the pandemic’s im-
pact. Identifying the optimal years that best represent typical conditions requires

2The data is publicly accessible and does not contain information identifying specific individuals
or households. It fulfills ethical standards for research, and we follow ethical guidelines by IPUMS
when handling the data.
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careful consideration. For instance, failing to account for variations in seasonal
fluctuations could skew the results (Kim et al. 2022). Previous literature, explor-
ing employment rates from 2017 to 2019, discovers pronounced gender-specific
monthly variations in employment status. Particularly notable was the substantial
decline in employment among women, but not men, during the summer months
(ibid.). Failing to account for such differences could result in an overestimation
of the relative decrease in employment participation due to the pandemic and an
underestimation of the increase in labor force participation following the lifting
of pandemic restrictions.

For this study, the most reasonable counterfactual is the one conducted by
Goldin (2022b). Goldin argues that the most credible approximation of labor
market activities in the absence of the pandemic is derived from preceding, more
normative years. Goldin highlights that there was an atypical increase in women’s
labor force participation from late fall 2019 to early winter 2020, just before the
pandemic began.3 The demographics of these women are presented in the follow-
ing Table 4.1.

Table 4.1: Characteristics of women entering the labor force between April 2019
and February 2020 compared to those always in the labor force.

Women age 20-54

Group 1 Group 2
Entered the labor force

from April 2019 to
February 2020 and

remained in to March
2020

Always in the labor
force when observed
from April 2019 to

February 2020

College graduates 0.332 0.467
With no children 0.458 0.447
With children under age 5 0.213 0.152
With children age 5-14 0.197 0.228
Ages 20-29 0.338 0.225

Left labor force March 2020 to
last month observed

0.347 0.082

Number of observations 1, 834 30, 229

† This table is replicated from Goldin (2022b). The data creation for this table is described in Appendix A.

Table 4.1 shows that the group of women who entered the labor force just
before the pandemic began includes a higher proportion of younger, less educated
women, and mothers with children under the age of five. Additionally, it was

3In contrast, men’s labor force participation rates did not show a corresponding increase. Instead,
there has been a consistent decline each year since the 1960s (Goldin 2022b).
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primarily these women who left the labor force more significantly at the onset of
the pandemic.4

These findings demonstrate that not only can an increased aggregate level of
women entering the labor force skew the results, but also that examining different
groups of women can lead to even more distorted outcomes if the counterfactual
used does not accurately represent a more typical year.

To address this issue, Goldin (2022b) excludes women who entered the labor
force between April 2019 and February 2020 by including only those reported to
be employed during their initial interview from January 2018 to February 2019.
Consequently, this approach allows Goldin to avoid the impact of the large and
unusual increase in labor force participation among women during the counter-
factual period.

However, when extending Goldin’s analysis, we restrict our sample to include
only women who reported being out of the labor force during their initial inter-
view between January 2018 and February 2019. We then measure the change in
entry rates one year later, from January 2019 to February 2020. This approach
thus captures the atypical increase in labor force participation, which could influ-
ence our results by underestimating the negative effect of being a woman on the
likelihood of entering the labor force. To address this, we conduct a robustness
test by estimating the extended regression analysis Equation 4.2 using an earlier
time period as the counterfactual. At both the aggregated level of the female pop-
ulation and the subgroup level of women with young children, the magnitude of
the coefficients for these dummies only slightly differed from the results presented
in chapter 5 and is available upon request.

After careful consideration of whether the time period used by Goldin (2022b)
in her counterfactual is suitable for the extended analysis, we have decided to use
the same time period. Additionally, in our DDD analyses, this issue does not arise
since the counterfactual period only extends from January 2018 to November
2018, thus excluding the 2019 period.

4.3 Replicated regression analysis

The first step in our three-step analysis approach is to replicate the pooled ordinary
least squares (OLS) regression Equation 4.1 conducted by Goldin (2022b). We ex-
plore variations in employment status by comparing data from one month in one
year to the same month in the following year.5 The counterfactual period, (termed
pre-pre) includes individuals first interviewed for four consecutive months from

4The findings presented in Table 4.1 slightly differ from those reported by Goldin (2022b). These
variations can be attributed to differences in sample sizes, which occur because our replication is
based solely on the working paper of Goldin (2022a) and we did not have access to the final datasets
or scripts.

5To track the employment status of women from one year to the next, we construct individual
linkages by month across the years of interest. This method is used only for constructing the de-
pendent variable. For the independent variables, we use the first observation from the initial year,
assumed to be time-invariant over the year, except for changes in age.
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January 2018 to February 2019, with follow-up interviews between January 2019
and February 2020. For the transition into the pandemic, termed pre-pan, indi-
viduals are initially interviewed between March 2019 and February 2020, fol-
lowed by subsequent interviews between March 2020 and February 2021. The
last period, (pan-pan), tracks individuals from their first observations sometime
between March 2020 and November 2020 to the following year, from March 2021
to November 2021.

(ym
i,t − ym

i,t+1) =∆ym
i,t

= α+
2
∑

φ=1

[β × I(φ)] + γIi,t(C) +δIi(E)

+ θ Ii,t(O) +ρIi(R) +µIi,t(M)

+ηIi(X ) +λ+κ+ εi,t

(4.1)

The dependent variable ∆y represents the change in “at work” status for in-
dividual i from its first observation in month m for year t, to the same month in
the following year (t +1). The sample is restricted to women who reported being
at work during their initial observation (t). The outcome variable equals 1 if the
woman is at work in t + 1, and 0 otherwise. At work includes anyone engaged in
any form of paid work during the preceding week (Flood et al. 2023). Excluded
from the sample are individuals who have a job but could not work due to illness,
housework, or being out of the labor force (ibid.).

The coefficient β measures the effect of each pandemic phase (pre-pan and
pan-pan)ϕ, relative to the counterfactual period (pre-pre). Independent variables,
including the age of the youngest child C , education level E, race R, service oc-
cupation6 O and marital status M , are interacted with the pandemic phases, as
is the interaction between marital status and a youngest child under age five.
The variable X includes a series of indicators that categorize an individual’s age
into five-year bins, λ comprises a set of annual dummy variables, and κ includes
dummy variables for different seasons.

In the context of the linear probability model (LPM) Equation 4.1, the coeffi-
cient of an independent variable represents the change in the probability of a wo-
man remaining at work, associated with a one-unit change in that variable while
holding all other factors constant. Thus, positive and statistically significant coef-
ficients indicate an increased probability of staying at work, while negative and
statistically significant coefficients suggest a decreased likelihood. The interaction
terms provide a robust methodology for analyzing the underlying mechanisms of
employment status by examining how the effect of one variable on the probabil-
ity of remaining at work varies with the level of another variable. Specifically, the

6The independent variable for service occupation encompasses industries that were heavily im-
pacted by the pandemic’s onset, as identified by Goldin (2022b). These sectors include restaurants,
bars, barber shops, beauty and nail salons, and other personal care services such as hairdressing
and manicuring. Additionally, roles in food preparation, theater attendance, childcare, personal care
assistance, fitness instruction, retail sales and home health care are also included (ibid.).
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coefficients of the interaction terms measure the extent to which the effect of the
main variable deviates from its baseline effect in the reference group under the
specified conditions of the interaction term (Stock and Watson 2015).

Given that the same individuals are interviewed multiple times in our sample,
their responses are likely to be correlated (Cameron and Trivedi 2006, p. 830). To
address this within-group correlation, we employ clustered standard errors (CSE)
at the individual level. Additionally, in the context of household surveys, different
households may exhibit varying probabilities of inclusion in the sample (ibid.).
To ensure our analysis accurately reflects the overall population, and not just the
sampled individuals, we incorporate population weights provided by the CPS into
Equation 4.1.7

4.4 Extended regression analysis

The second step in our three-step analysis extends the replicated regression ana-
lysis by including a later time period to estimate the effects of the easing of COVID-
19 restrictions and the post-pandemic period on labor market outcomes. We exam-
ine variations in labor force participation status from one month in one year to the
same month in the next year for both men and women.8 We use the same years for
the counterfactual period (pre-pre), but the periods for the pandemic phases differ
from those in the replicated regression. For the transition from pandemic restric-
tions to their final easing (termed pan-post), individuals are initially interviewed
between March 2020 and May 2022, with follow-up interviews from March 2021
to May 2023. This period allows us to estimate the effect of the gradual lifting
of stringent mitigation restrictions, as presented in section 1.1, on the likelihood
that individuals enter labor force. The third period, (termed post-post), tracks in-
dividuals from their initial interviews between June 2022 and February 2023 to
their follow-up interviews between June 2023 and February 2024.

7Since it is unclear whether Goldin (2022b) applies individual CSE or population weights in her
analysis, we initially estimated Equation 4.1 without these adjustments. Including these methods
brought our results closer to those reported by Goldin, suggesting she might have used a similar
methodology. Results are available upon request.

8To track the labor force participation status of individuals from one year to the next, we employ
the same methodology for constructing individual linkages for the dependent variable as used in
the replicated regression analysis.
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To explore changes in labor force participation status across these periods, we
estimate the extended regression Equation 4.2.

(Lm
i,t − Lm

i,t+1) =∆Lm
i,t

= α+
2
∑

φ=1

[β × I(φ)] +ψIi,t(F) + γIi,t(C) +δIi(E)

+ θ Ii,t(O) +ρIi(R) +µIi,t(M)

+ηIi(X ) +λ+κ+ εi,t

(4.2)

One difference between Equation 4.1 and Equation 4.2 is that the dependent
variable∆L represents the change in labor force participation status, and not em-
ployment status, between individual i’s observation in month m of year t and the
same month in year (t + 1). Unlike the replicated regression analysis, which only
includes individuals who were at work in their initial observation, the extended
regression restricts the sample to those initially out of the labor force. This ap-
proach allows us to track those who enter the labor force during and after the
pandemic. Although we cannot definitively know whether the individuals exited
the labor force because of the pandemic itself, using a similar methodology as in
the replicated regression analysis enables us to observe outcomes among similar
sociodemographic groups of women who left work at the onset of the pandemic.
The outcome variable equals 1 if the individual is in the labor force in t + 1, and
0 otherwise.

The reason why we focus on changes in labor force participation rather than
employment status is to better understand the long-term labor market effects of
the pandemic. This approach captures individuals who are unemployed and not
actively looking for work, instead of those temporarily out of work due to illness or
layoffs (Flood et al. 2023). Labor force participation includes individuals who are
employed, on leave (due to vacation or illness), actively seeking work or tempor-
arily laid off (ibid.). Therefore, it more accurately reflects the propensity of people
to exit the labor force, a dynamic hidden within the at work variable. Given the
shifts in WfH opportunities and household dynamics after the pandemic, changes
in both the inability to find work or the desire to remain unemployed are captured
by examining labor force participation. To contribute to research on the new nor-
mal in the labor market post-pandemic, changing the dependent variable is crucial
for a more precise examination of the population group we aim to study.

Another difference between the replicated and the extended regression ana-
lyses is that Equation 4.2 includes both men and women. The reason for this is
to isolate the underlying mechanisms that drive labor force entry rates associated
with gender inequalities and norms. The independent variables (C , E, O, R, M) are
initially interacted with a female dummy variable F , and subsequently with the
phases of the pandemic. The variable X represents a set of indicators categorizing
individual ages into five-year intervals, λ includes a series of year dummy vari-
ables, and κ consists of seasonal indicators. Similar to Equation 4.1, the coefficient

15



β in the extended model captures the impact of each of the pandemic phasesϕ re-
lative to the counterfactual. Moreover, we continue to CSE at the individual level
and apply population weights.

Furthermore, the positive and statistically significant coefficients in the LPM
Equation 4.2 indicate an increased probability of entering the labor force, while
negative and statistically significant coefficients suggest a decreased likelihood.
The interaction terms reveal how the effect of a particular variable on the probab-
ility of entering the labor force changes depending on the level of another variable.

To understand the population examined, the means of the independent vari-
ables for both the restricted and the total data samples are presented in Table 4.2.

Table 4.2: The mean values of the independent variables in the total CPS sample
versus the subsample used in the extended regression analysis.

Independent
variables

Means of total
CPS sample

Means of
restricted sample
for the extended

regression analysis

Mean differences

Female 0.5152 0.6752 -0.1600***

Respondent’s age
20-24 0.0481 0.1568 -0.1086***

25-29 0.0498 0.1129 -0.0632***

30-34 0.0595 0.1347 -0.0751***

35-39 0.0638 0.1420 -0.0782***

40-44 0.0620 0.1357 -0.0737***

45-49 0.0635 0.1402 -0.0767***

>50 0.4265 0.1778 0.2488***

Youngest child’s
age

0-4 years 0.0704 0.1819 -0.1115***

5-13 years 0.0902 0.1764 -0.0863***

14-17 year 0.0374 0.0583 -0.0209
18-29 0.0538 0.0626 -0.0089

No residential
children

0.7483 0.5212 0.2271***

College graduate 0.2693 0.2311 0.0382
Black 0.0953 0.1140 -0.0188

Hispanic 0.1372 0.1872 -0.0500
Service

occupation
0.0540 0.0064 0.0475**

No spouse 0.4925 0.5417 0.0492
Observations 3,622, 308 108, 530

† P-Value below 10 %(*); 5 %(**); 1 %(***).
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Table 4.2 shows that the restricted data sample, which includes a specific vul-
nerable demographic of the prime-working-age population who start out of the
labor force, contains a higher proportion of women and a lower proportion of
college graduates compared to the full dataset. The percentages of Black and His-
panic individuals are somewhat higher, while fewer people work in the service
sector. There is also a slightly greater proportion of individuals without a spouse.9

4.5 Difference-in-Difference-in-Differences

As the final step in our three-step analysis approach, we aim to estimate the effect
of the end of pandemic restrictions on the probability of entering the labor force
for various groups of women. The division of groups is based on our goal to invest-
igate how the labor force transition post-pandemic is associated with factors that
can help us examine gender norms. We now directly use the individual-level data,
pooling all individuals together in a DDD methodology. This approach extends
the usual Difference-in-Differences (DD), which estimates the average treatment
effect on the treated (ATET) by comparing the variation across time in the differ-
ences between outcome means in the control and treatment groups (Stock and
Watson 2015, pp. 492–494). First, we explore monthly changes in labor force
status between June 2022 and November 2023, using the baseline month of May
2022 as the reference point. This constitutes the first difference. Next, we compare
the first difference between the treated group and the counterfactual (the second
difference). Lastly, our third difference, which transforms the usual DD method
into a DDD estimation, compares the second difference across various groups of
women.

The first difference in our analysis involves the treatment variable, which rep-
resents the final easing of restrictions in June 2022. Throughout the pandemic,
restrictions were removed and reimposed in a staggered fashion across different
states and at various times (CDC 2023b). We acknowledge that our treatment
does not fully capture the impact of transitioning from full pandemic restrictions
to none. However, June 2022 provides the most precise endpoint available for
defining this transition.

The second difference is the comparison between women interviewed during
the treatment period and those interviewed during the counterfactual period.10

The validity of the second difference is strongly dependent on the assumption
of a common trend between the treatment and control groups (Goodman-Bacon

9The mean values of the independent variables for the replicated regression analysis and the
DDD analyses are available in Appendix B.

10Appendix C provides a graphical overview of the seasonal patterns captured by the counterfac-
tual compared to the patterns during the treatment period. The counterfactual employed in the DDD
analysis uses a different time period compared to the regression analyses to match the treatment
period. It starts four months prior to the placebo end of restrictions in June 2018, namely February
2018, and extends until 17 months post-placebo, ending in November 2019. Consequently, this se-
lection of counterfactual also avoids the rising trend in women’s labor force participation, shown
in Table 4.1.
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and Marcus 2020). The common trend assumption stipulates that the develop-
ment of unobservable factors affecting the outcome variable would be similar for
both groups in the absence of the treatment (Stock and Watson 2015, p. 492).
In this paper, the assumption requires that the difference in the outcome vari-
able only stems from the treatment effect. We are aware that our analysis does
not completely satisfy this assumption. However, our primary contribution to re-
search is not to state a causal impact of the easing of pandemic restrictions on
women’s labor force participation rates, but to describe and document changes
in outcomes among different groups of women influenced by gender norms in a
post-pandemic era.

For the third difference, we define groups of women based on their marital
status, motherhood and educational attainment. We categorize the first group as
either never-married or ever-married, based on age differences observed in our
data sample. On average, never-married women are in their mid-30s, whereas
ever-married women are in their mid-40s. Labor force participation is highest
among women who have recently completed their college education and tends to
decrease in their 30s and early 40s, often due to childcare responsibilities (Goldin
and Mitchell 2017). Participation rates generally increase again after the mid-40s
but decline as women move into their 60s (ibid.). Therefore, we separate never-
married and ever-married women into two groups to account for these variations
in labor force trends over a woman’s lifetime in our analysis.

Secondly, we separate married women living with their spouses from the rest
of the sample, including married women with absent spouses.11 This distinction
enables us to explore the interaction between women’s labor force participation
and living in couple households in the context of gender disparities among het-
erosexual couples. On one hand, previous literature reveals that present spouses
functioned as shock absorbers during the pandemic (Carlson et al. 2021). On
the other hand, social reproduction theory suggests that women living in couple
households are more constrained by traditional gender roles, which may hinder
their entry into the labor force.

To investigate how motherhood and educational attainment are associated
with women’s rate of entering the labor force, we also consider whether women
have residential children and whether they have a college degree, in addition
to their marital status. This allows us to examine both the impact of school and
daycare closures during the COVID-19 pandemic, which forced many parents to
educate their children at home, and how the post-pandemic transition to the new
normal affects women with various levels of education.

11In the CPS data, absent spouses are defined as those institutionalized or living elsewhere for
most of the week (Flood et al. 2023).
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To analyze how marital, motherhood and education statuses are associated
with the effect of the final easing of pandemic restrictions on women’s labor force
entry rates, we estimate the following DDD model as shown in Equation 4.3:

Lm
i,t =

Nov, 2023
∑

m,t=Jun, 2022

βm
t M m

t +ηC +
Nov, 2023
∑

m,t=Jun, 2022

δm
t (M

m
t × C) + γg Gg

+
Nov, 2023
∑

m,t=Jun, 2022

ωm
t,g(M

m
t × Gg) + θg(C × Gg)

+
Nov, 2023
∑

m,t=Jun, 2022

ψm
t,g(M

m
t × C × Gg) +αi + εi,t

(4.3)

In Equation 4.3, the outcome variable L represents the status, not the change,
in labor force participation, as in the extended regression Equation 4.2. We change
the dependent variable because the DDD framework requires the dependent vari-
able to indicate the timing of the treatment, separating whether the individual has
been exposed to it and how far away in time the interview was conducted. How-
ever, we restrict the sample in the same way as before, including only individuals
who were initially out of the labor force.

In Equation 4.3, M represents a vector of dummy variables for each month
and year, distinguishing the period from June 2022 to November 2023 from the
baseline month of May 2022. The coefficient β measures the labor force parti-
cipation rate for each month m and year t, relative to May 2022. C is a dummy
indicator that differentiates the treatment and the counterfactual periods. G rep-
resents ten different dummy-variable groups that estimate variations based on
marital status, motherhood and educational attainment.12 The main coefficient of
interest isψ.ψ compares the effect of the treated time period (the post-pandemic
period) to the control group (the counterfactual) on changes in labor force parti-
cipation across months (m) and years (t) and facilitates comparisons across each
group relative to its counterpart.

Similar to the regression analyses, we apply individual CSE and population
weights to Equation 4.3. However, unlike the regression analyses where the de-
pendent variable measures the change in employment and labor force particip-

12The groups are G1: ever-married women (never-married women), G2: women with present
spouse (women without present spouse), G3: ever-married women with child (never-married wo-
men without child), G4: women with present spouse and child (women without present spouse and
child), G5: ever-married women without child (never-married women with child), G6: women with
present spouse, without child (women without present spouse, with child), G7: ever-married women
with college (never-married women with college), G8: women with present spouse and college (wo-
men without present spouse and college), G9: ever-married women without college (never-married
women with college) and G10: women with present spouse without college (women without present
spouse with college). Equation 4.3 has also been performed for four additional dummy indicator
groups, focusing on interactions between children, education and marital status. These results are
presented in Appendix E.
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ation statuses between two years, and thereby inherently accounting for unob-
served individual-specific characteristics that are constant over time, the depend-
ent variable in Equation 4.3 represents the labor force participation status, not
the change. Therefore, we control for unobserved and time-invariant individual
characteristics, for example intrinsic motivation or personal skills that affect labor
force participation status, by including individual-specific fixed effects (FE) (Stock
and Watson 2015; Cameron and Trivedi 2006, pp. 361, 9).
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Chapter 5

Results and analysis
This chapter presents the findings from our three-step analysis approach. We begin
by presenting the results of the replicated regression analysis based on the study
conducted by Goldin (2022b). Next, we describe the outcomes of the extended
regression analysis. The final section discusses the results from the DDD analyses.

5.1 Replicated regression analysis

In the following Table 5.1, the results from Equation 4.1 are presented.

Table 5.1: Annual changes in at work rates for women between 20 and 54 years
from January 2018 to November 2021.

Women at work in year t, month m

Main effects Plus child
interactions

Plus race and
occupation
interactions

Plus marital
interactions

Respondent’s age
20-24 −0.0803***

(0.006)
−0.0804***

(0.006)
−0.0802***

(0.006)
−0.0860***

(0.006)
25-29 −0.0210***

(0.005)
−0.0211***

(0.005)
−0.0208***

(0.005)
−0.0244***

(0.005)
30-34 −0.0148***

(0.005)
−0.0147***

(0.005)
−0.0148***

(0.005)
−0.0176***

(0.005)
35-39 0.0097**

(0.004)
0.0098**

(0.004)
0.0099**

(0.004)
0.0071
(0.004)

40-44 0.0073*

(0.004)
0.0074*

(0.004)
0.0076*

(0.004)
0.0062
(0.004)

45-49 0.0091**

(0.004)
0.0091**

(0.004)
0.0092**

(0.004)
0.0086**

(0.004)
Youngest child’s age
0-4 years −0.0294***

(0.004)
−0.0183***

(0.005)
−0.0186***

(0.005)
−0.0126**

(0.006)
5-13 years −0.0091***

(0.003)
−0.0056
(0.004)

−0.0051
(0.004)

−0.0010
(0.005)

14-17 years 0.0083*

(0.004)
0.0045
(0.006)

0.0054
(0.006)

0.0089
(0.006)
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Table 5.1 Continued from previous page

Women at work in year t, month m

Main effects Plus child
interactions

Plus race and
occupation
interactions

Plus marital
interactions

18-29 years 0.0074
(0.005)

0.0074
(0.006)

0.0085
(0.006)

0.0113*

(0.006)
College graduate 0.0241***

(0.003)
0.0237***

(0.003)
0.0295***

(0.003)
0.0309***

(0.003)
Black −0.0224***

(0.004)
−0.0224***

(0.004)
−0.0138**

(0.006)
−0.0173***

(0.006)
Hispanic −0.0299***

(0.004)
−0.0299***

(0.004)
−0.0272***

(0.005)
−0.0282***

(0.005)
Service occupation −0.0157***

(0.004)
−0.0157***

(0.004)
0.0139***

(0.005)
0.0131***

(0.005)
Start year 2018 −0.0289***

(0.007)
−0.0289***

(0.007)
−0.0293***

(0.007)
−0.0293***

(0.007)
Start year 2019 −0.0335***

(0.005)
−0.0336***

(0.005)
−0.0336***

(0.005)
−0.0337***

(0.005)
Spring −0.0185***

(0.003)
−0.0185***

(0.003)
−0.0184***

(0.003)
−0.0185***

(0.003)
Summer −0.0235***

(0.004)
−0.0235***

(0.004)
−0.0235***

(0.004)
−0.0238***

(0.004)
Fall 0.0073**

(0.003)
0.0073**

(0.003)
0.0074**

(0.003)
0.0073**

(0.003)
Prepandemic to
pandemic (pre-pan)

−0.1001***

(0.006)
−0.0942***

(0.007)
−0.0719***

(0.007)
−0.0707***

(0.008)
Pandemic to pan-
demic (pan-pan)

−0.0429***

(0.008)
−0.0428***

(0.009)
−0.0413***

(0.009)
−0.0391***

(0.010)
Pre-pan × college 0.0573***

(0.006)
0.0579***

(0.006)
0.0423***

(0.006)
0.0405***

(0.006)
Pan-pan × college 0.0077

(0.006)
0.0082
(0.006)

0.0075
(0.006)

0.0059
(0.006)

Pre-pan × children
under age 5

−0.0254***

(0.009)
−0.0245***

(0.009)
−0.0148
(0.010)

Pan-pan × children
under age 5

−0.0098
(0.010)

−0.0097
(0.009)

−0.0020
(0.011)

Pre-pan × children
age 5-13

−0.0103
(0.007)

−0.0114
(0.007)

−0.0114
(0.008)

Pan-pan × children
age 5-13

0.0004
(0.007)

0.0000
(0.007)

−0.0008
(0.008)

Pre-pan × children
age 14-18

0.0052
(0.009)

0.0028
(0.009)

0.0023
(0.010)
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Table 5.1 Continued from previous page

Women at work in year t, month m

Main effects Plus child
interactions

Plus race and
occupation
interactions

Plus marital
interactions

Pan-pan × children
age 14-18

0.0086
(0.009)

0.0080
(0.009)

0.0069
(0.010)

Pre-pan × children
age 18-30

−0.0032
(0.010)

−0.0044
(0.010)

−0.0050
(0.010)

Pan-pan × children
age 18-30

0.0045
(0.010)

0.0040
(0.010)

0.0030
(0.010)

Pre-pan × Black −0.0162*

(0.010)
−0.0143
(0.010)

Pan-pan × Black −0.0133
(0.010)

−0.0113
(0.011)

Pre-pan × Hispanic −0.0125
(0.009)

−0.0117
(0.009)

Pan-pan × Hispanic 0.0067
(0.009)

0.0075
(0.009)

Pre-pan × service
occupation

−0.0832***

(0.009)
−0.0828***

(0.009)
Pan-pan × service
occupation

−0.0028
(0.009)

−0.0020
(0.009)

No spouse 0.0155***

(0.004)
Pre-pan× no spouse −0.0010

(0.006)
Pan-pan × no
spouse

−0.0027
(0.007)

Pre-pan× no spouse
× children under
age 5

−0.0396**

(0.017)

Pan-pan × no
spouse × children
under age 5

−0.0385**

(0.019)

Constant 0.9534*** 0.9513*** 0.9431*** 0.9362***

(0.007) (0.007) (0.007) (0.007)
R2 0.0309 0.0310 0.0327 0.0331
Adjusted R2 0.0307 0.0309 0.0325 0.0329
Observations 172, 103 172,103 172, 103 172, 103

† P-Value below 10 %(*); 5 %(**); 1 %(***) and standard errors in brackets. This table is replicated from

the analysis conducted by Goldin (2022b).
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The results in Table 5.1 indicate a successful replication of the regression
findings in Goldin (2022b), achieving the same directional coefficients with only
minor differences in magnitudes and levels of statistical significance. These dis-
crepancies are likely due to differences in sample sizes and arise from conducting
the analysis based on the working paper by Goldin (2022a), without access to
finalized datasets or scripts. These minor differences suggest that we effectively
managed to replicate Goldin’s analysis.13

Similar to the findings of Goldin (2022b), the results in Table 5.1, column 1,
suggest that women with college degrees were relatively protected from job losses
during the transition into the pandemic (pre-pan), as indicated by the combined
effect of the main variable and the interaction term. Specifically, the overall ef-
fect of transitioning into the pandemic indicates a decrease in the probability of
staying employed by 10.01 percentage points (pp) for women. However, women
with college degrees experienced a mitigated reduction, with an extra increase in
their likelihood of being at work by 5.73 pp. This suggests that the employment
reduction for college-educated women was approximately halved compared to
the broader prime-working-age female population in our dataset. Moreover, as
the pandemic progressed, the interaction between the pandemic phase (pan-pan)
and college education did not show any statistically significant additional impact
on the likelihood of these women remaining employed. This means that while
college degrees offered some initial protection, their impact did not differentiate
the effect of the pandemic on employment as it continued.

As shown in column 2 in Table 5.1, the onset of COVID-19 disproportionately
affected mothers with children aged zero to four years. Moreover, the findings in
column 3 highlight increased employment instability among Black women and
those working in service occupations.

Additionally, the only group of women that experienced an extra negative and
statistically significant effect on their likelihood of remaining employed during the
pandemic were single mothers with children under the age of five, as evidenced
by the interaction term with the “no spouse” variable in column 4 in Table 5.1.

13As a robustness check, we estimate the regression Equation 4.1 using the change in labor force
participation as the dependent variable. The findings, presented in Appendix D, are robust, despite a
decrease in magnitude. This decrease aligns with expectations that the number of women reporting
not being at work the preceding week is likely higher than the number of women who left the labor
force entirely due to the pandemic.

24



5.2 Extended regression analysis

In Table 5.2, the results from the extended regression Equation 4.2 are presented.

Table 5.2: Annual changes in labor force rates for women and men between 20
and 54 years from January 2018 to February 2024.

Women and men out of the labor force in year t, month m

Main effects Plus college
degree,

child, race
and

occupation
interactions

Plus female
interactions

Plus
marital in-
teractions

Female −0.0683***

(0.011)
−0.0755***

(0.012)
−0.0240
(0.015)

−0.0476**

(0.023)
Respondent’s age
20-24 0.2119***

(0.008)
0.2120***

(0.008)
0.2167***

(0.008)
0.2184***

(0.008)
25-29 0.1575***

(0.008)
0.1575***

(0.008)
0.1633***

(0.008)
0.1649***

(0.008)
30-34 0.1152***

(0.008)
0.1153***

(0.008)
0.1219***

(0.008)
0.1236***

(0.008)
35-39 0.0740***

(0.007)
0.0741***

(0.007)
0.0804***

(0.007)
0.0815***

(0.007)
40-44 0.0454***

(0.007)
0.0453***

(0.007)
0.0486***

(0.007)
0.0498***

(0.007)
45-49 0.0265***

(0.007)
0.0264***

(0.007)
0.0277***

(0.007)
0.0285***

(0.007)
Youngest child’s age
0-4 years −0.0009

(0.007)
−0.0113
(0.011)

0.1107***

(0.031)
0.0852***

(0.032)
5-13 years 0.0492***

(0.007)
0.0355***

(0.010)
0.1125***

(0.016)
0.0895***

(0.017)
14-17 years 0.0554***

(0.009)
0.0475***

(0.015)
0.0433***

(0.015)
0.0386***

(0.015)
18-29 years 0.0482***

(0.008)
0.0484***

(0.014)
0.0437***

(0.014)
0.0405***

(0.014)
College graduate 0.0809***

(0.005)
0.0838***

(0.009)
0.1280***

(0.02)
0.1209***

(0.02)
Black 0.0271***

(0.007)
0.0123
(0.011)

0.0027
(0.018)

0.0063
(0.0018)

Hispanic 0.0422***

(0.005)
0.0482***

(0.009)
0.0753***

(0.019)
0.0765***

(0.019)
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Table 5.2 Continued from previous page

Women and men out of the labor force in year t, month m

Main effects Plus college
degree,

child, race
and

occupation
interactions

Plus female
interactions

Plus
marital in-
teractions

Service occupation 0.2583***

(0.022)
0.2767***

(0.038)
0.2753***

(0.04)
0.2757***

(0.04)
No spouse 0.0296***

(0.005)
0.0295***

(0.005)
0.0288***

(0.005)
−0.0204
(0.015)

Start year 2019 0.0029
(0.008)

0.0029
(0.008)

0.0031
(0.008)

0.0033
(0.008)

Start year 2020 0.0093
(0.013)

0.0095
(0.013)

0.0079
(0.013)

0.0084
(0.013)

Start year 2021 0.0122
(0.013)

0.0123
(0.013)

0.0122
(0.013)

0.0127
(0.013)

Start year 2022 0.0011
(0.01)

0.0013
(0.01)

0.0003
(0.01)

0.0007
(0.01)

Spring 0.0061
(0.005)

0.0062
(0.005)

0.0060
(0.005)

0.0060
(0.0045)

Summer 0.0132**

(0.005)
0.0132**

(0.005)
0.0136**

(0.005)
0.0135**

(0.005)
Fall 0.0095**

(0.005)
0.0095**

(0.005)
0.0105**

(0.005)
0.0104**

(0.005)
Pandemic to post-
pandemic (pan-
post)

0.0312**

(0.015)
0.0278*

(0.015)
0.0251
(0.016)

0.0218
(0.021)

Post-pandemic to
post-pandemic
(post-post)

0.0327**

(0.014)
0.0264*

(0.015)
0.0205
(0.016)

−0.0127*

(0.026)

Pan-post × female 0.0309**

(0.013)
0.0406***

(0.014)
0.0269
(0.018)

0.0087
(0.027)

Post-post × female 0.0005
(0.012)

0.0088
(0.013)

0.0024
(0.017)

−0.0173
(0.026)

Pan-post × college −0.0108
(0.012)

−0.0385
(0.025)

−0.0388
(0.025)

Post-post × college 0.0161
(0.015)

0.0413
(0.033)

0.0476
(0.033)

Pan-post × children
under age 5

0.0111
(0.013)

0.0433
(0.039)

0.0469
(0.040)

26



Table 5.2 Continued from previous page

Women and men out of the labor force in year t, month m

Main effects Plus college
degree,

child, race
and

occupation
interactions

Plus female
interactions

Plus
marital in-
teractions

Post-post × children
under age 5

0.0246
(0.018)

−0.0102
(0.052)

0.0111
(0.054)

Pan-post × children
age 5-13

0.0143
(0.013)

0.0134
(0.013)

0.0162
(0.014)

Post-post × children
age 5-13

0.0332*

(0.017)
0.0310*

(0.017)
0.0429**

(0.018)
Pan-post × children
age 14-17

0.0084
(0.019)

0.0081
(0.019)

0.0124
(0.019)

Post-post × children
age 14-17

0.0191
(0.025)

0.0208
(0.025)

0.0337
(0.026)

Pan-post × children
age 18-30

−0.0064
(0.018)

−0.0964
(0.018)

−0.0041
(0.018)

Post-post × children
age 18-30

0.0168
(0.023)

0.0162
(0.023)

0.0278
(0.024)

Pan-post × Black 0.0236
(0.014)

−0.0112
(0.023)

−0.0121
(0.023)

Post-post × Black 0.0122
(0.02)

−0.0183
(0.032)

−0.0210
(0.032)

Pan-post × Hispanic −0.0046
(0.012)

0.0534**

(0.025)
0.0537**

(0.025)
Post-post × His-
panic

−0.0203
(0.015)

0.0151
(0.031)

0.0142
(0.031)

Pan-post × Service
occupation

0.0032
(0.048)

0.0173
(0.065)

0.01840
(0.065)

Post-post × Service
occupation

−0.1465***

(0.072)
−0.2695**

(0.120)
−0.2700**

(0.119)
Female × children
under age 5

−0.1450***

(0.033)
−0.1188***

(0.033)
Female × children
age 5-13

−0.0981***

(0.015)
−0.0741***

(0.033)
Female × College
degree

−0.0566**

(0.023)
−0.0479**

(0.023)
Female × Black 0.0158

(0.023)
0.0100
(0.023)
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Table 5.2 Continued from previous page

Women and men out of the labor force in year t, month m

Main effects Plus college
degree,

child, race
and

occupation
interactions

Plus female
interactions

Plus
marital in-
teractions

Female × Hispanic −0.0359*

(0.022)
−0.0369*

(0.022)
Female × Service
occupation

−0.0140**

(0.061)
−0.0160**

(0.061)
Female × pan-post
× children under
age 5

−0.0405
(0.041)

−0.0413
(0.042)

Female × post-post
× children under
age 5

0.0342
(0.056)

0.0226
(0.057)

Female × pan-post
× college degree

0.0323
(0.028)

0.0339
(0.028)

Female × post-post
× college degree

−0.0405
(0.037)

−0.0435
(0.037)

Female × pan-post
× Black

0.0580*

(0.030)
0.0568*

(0.030)
Female × post-post
× Black

0.0475
(0.041)

0.0466
(0.041)

Female × pan-post
× Hispanic

−0.0788***

(0.028)
−0.0792***

(0.028)
Female × post-post
× Hispanic

−0.0530
(0.036)

−0.0522
(0.036)

Female × pan-post
× service occupa-
tion

−0.0218
(0.063)

−0.0250
(0.063)

Female × post-post
× service occupa-
tion

0.1708
(0.135)

0.1670
(0.134)

Pan-post × no
spouse

0.0048
(0.019)

Post-post × no
spouse

0.0422
(0.026)

Female × no spouse 0.0577***

(0.017)
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Table 5.2 Continued from previous page

Women and men out of the labor force in year t, month m

Main effects Plus college
degree,

child, race
and

occupation
interactions

Plus female
interactions

Plus
marital in-
teractions

Female × pan-post
× no spouse

0.0014
(0.022)

Female × post-post
× no spouse

−0.0237
(0.030)

Constant 0.0997*** 0.1026*** 0.0764*** 0.1138***

(0.009) (0.009) (0.010) (0.014)
R2 0.0411 0.0415 0.0478 0.0484
Adjusted R2 0.0409 0.0411 0.0472 0.0479
Observations 108,530 108, 530 108,530 108, 530

† P-Value below 10 %(*); 5 %(**); 1 %(***) and standard errors in brackets.

In column 1 in Table 5.2, both the main effects and the interactions between
the pandemic phases and the female dummy are presented. Without considering
the transition from full pandemic restrictions to the easing of restrictions (pan-
post) or the post-pandemic period (post-post), the results indicate that being a
prime-working-age woman is associated with a negative impact on the likelihood
of entering the labor force relative to men. During the transition from pandemic
restrictions to an easing of restrictions, both men and women experience a pos-
itive impact of 3.12 pp on their likelihood of entering the labor force. This cor-
responds to an effect size of 12.55% compared to the average rate for all indi-
viduals entering the labor force.14 However, following the easing of restrictions,
women experience an extra positive and statistically significant effect of 3.09 pp,
which is approximately double the positive effect of lifting restrictions compared
to men. This aligns with expectations, considering the disproportionate job losses
they faced due to lockdowns and social restrictions. The relaxation of these strin-
gent measures subsequently facilitated an increase in women’s entry rates into
the labor force. Furthermore, during the post-pandemic period, both men and
women show a positive impact of 3.27 pp on their likelihood of entering the labor
force. However, the interaction term with female in the post-pandemic phase is
not statistically significant, and its magnitude is negligible, indicating that we can-
not assert any additional positive effect of the post-pandemic period on women’s
likelihood of entering the labor force relative to men. In summary, the findings
from column 1 suggest that while the transition from full pandemic restrictions to

14The effect size is calculated by taking the ratio of the coefficient’s percentage point change to
the mean value of the dependent variable during the same time period.
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the easing of restrictions did not translate into a long-term advantage for women
relative to men, the end of the pandemic did have positive effects on labor force
entry rates for both genders. Nevertheless, it did not counteract the negative im-
pact of being a woman during preceding years on the likelihood of entering the
labor force, highlighting persistent pre-existing gender inequalities in the labor
market.

Interactions of the pandemic phases with various sociodemographic groups
are added in column 2 in Table 5.2. For the post-pandemic period, the overall
effect for both men and women is an increase in labor force participation entry
rates of 2.64 pp. Additionally, statistically significant extra effects are observed for
two specific groups: individuals with children aged five to thirteen, and those em-
ployed in the service sector. Parents of children in this age group face an additional
positive effect of 3.32 pp on their likelihood of entering the labor force in the post-
pandemic period. Conversely, individuals working in the service sector experience
an extra negative impact of 14.65 pp. This divergence suggests that service sector
workers, who typically have less attachment to the labor market and often hold
lower levels of education or belonging to minority groups (Goldin 2022b), face
barriers to entering the labor force in the current post-pandemic environment.

When interactions between gender and sociodemographic groups, along with
the pandemic phases, are included in the regression analysis, the results in column
3 in Table 5.2 reveal gender inequalities attributed to different segments of the
overall prime-working-age population. To begin with, excluding any specific pan-
demic periods, the effect of having children under the age of five differs between
mothers and fathers. Generally, having young children positively influences fath-
ers’ likelihood of joining the labor force. Conversely, mothers face an additional
negative effect of 14.5 pp on their likelihood of entering the labor force compared
to their male counterparts. A similar trend appears for parents with the youngest
child aged five to thirteen. Additionally, holding all other variables constant, pos-
sessing a college degree increases the likelihood of entering the labor force by 12.8
pp for all individuals. However, this positive effect is reduced by approximately
half for women. Moreover, while Hispanic individuals generally have a higher
likelihood of entering the labor force, Hispanic women experience an additional
negative impact. This effect becomes more pronounced as pandemic restrictions
are eased. In summary, the results from column 3 suggest that the negative effect
of being a woman on the likelihood of entering the labor force is reinforced by
both childcare responsibilities and pre-existing gender inequalities among differ-
ent sociodemographic groups.

Moreover, the results from columns 1 to 3 in Table 5.2 reveal that, holding
other factors constant, being single (as indicated by the no spouse variable) has a
positive and statistically significant effect on the likelihood of entering the labor
force for both men and women throughout the study period. This implies that
single men and women are more likely to enter the labor force than their married
counterparts. However, when the interaction term between female and no spouse
is introduced in column 4, the impact for men becomes statistically insignificant,
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with a negligible coefficient magnitude. In contrast, for single women, the addi-
tional effect that distinguishes them from single men is statistically significant and
positive, amounting to 5.77 pp. This corresponds to an effect size of 24% relat-
ive to the average rate of entry into the labor force for the total sample. These
findings suggest that women with spouses face a greater negative impact on their
probability of entering the labor force compared to those without.15

15As a robustness test, we performed the regression analysis including a control variable for state-
specific variations in Equation 4.2. The results remained consistent and are available upon request.
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5.3 Difference-in-Difference-in-Differences

In this section, we graphically present the results from the estimated DDD model
Equation 4.3. Although we cannot establish statistical significance or causality
using the final easing of pandemic restrictions in June 2022 as a treatment effect
on labor force participation rates, we utilize the findings to explore mechanisms
that may influence women’s labor market patterns post-pandemic.

Figure 5.1 illustrates how the combination of marital status and the presence
of children, when interacted with June 2022, influences labor force entry rates for
women.

Figure 5.1: DDD analyses of labor force participation entry rates, with June 2022
as the treatment indicator, interacted with marital status and residential children.
The analyses control for seasonal variations and individual-specific effects.

†The vertical lines denote 95% confidence intervals. Ever-married women includes those who are

currently married, regardless of whether their spouses are present or not, separated, divorced or

widowed. Women without present spouses includes those who are currently married with absent

spouses, separated, divorced or widowed.

The initial set of charts in Figure 5.1 shows an increase in the likelihood of
never-married women entering the labor force after the lifting of COVID-19 re-
strictions. However, this trend changes when motherhood is introduced. Never-
married mothers tend to join the labor force at a lower rate, indicating that the
final easing of restrictions did not benefit this subgroup as much as it did their
childless counterparts. It is conceivable that an increase in labor force participa-
tion among never-married mothers might have emerged earlier, possibly in March
or April 2022, following the removal of school closures and stay-at-home orders.
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Another potential explanation for the shift from a positive to a negative trend
among never-married women when considering motherhood could be that this
group predominantly comprises women in their mid-30s, an age when many often
reduce their work involvement, typically due to childcare demands (Goldin and
Mitchell 2017). For the rest of the women, who are on average in their mid-40s,
the presence of children does not appear to influence their likelihood of entering
the labor force in the post-pandemic era. This may be because their children are
older and require less intensive childcare compared to younger children.

Moving to the second set of charts in Figure 5.1, which examines differences
between married women living in couple households and their counterparts, we
observe that married women living with their spouses generally show a lower
probability of entering the labor force after the pandemic restrictions are eased.
Speculatively, this finding suggests that traditional gender roles within couple
households tend to keep women out of the labor force. Additionally, when moth-
erhood is considered, the negative trend for these married women shifts slightly
positive. This supports previous literature suggesting that during the pandemic,
one parent often had to leave the labor force to care for their children, typically
the mother (Mohapatra 2021; Moos 2021; Farré et al. 2022; Hauzel and Pattnaik
2023), who is now increasingly entering the labor force as restrictions are lifted.
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In Figure 5.2, we illustrate the effects of marital status and educational attain-
ment, interacted with June 2022, on labor force entry rates for women.

Figure 5.2: DDD analyses of labor force participation entry rates, with June 2022
as the treatment indicator, interacted with marital status and education level. The
analyses control for seasonal variations and individual-specific effects.

†The vertical lines denote 95% confidence intervals. Ever-married women includes those who are

currently married, regardless of whether their spouses are present or not, separated, divorced or

widowed. Women without present spouses includes those who are currently married with absent

spouses, separated, divorced or widowed.

The first row in Figure 5.2 shows that holding a college degree increases the
likelihood of the prime-working-age female population entering the labor force
after the lifting of restrictions. However, as shown in Figure E.1 in Appendix C,
this positive effect diminishes when the presence of children is considered.

Moreover, for married women living with their spouses, possessing a college
degree is associated with an increased probability of entering the labor force post-
pandemic, highlighting the importance of educational attainment on labor force
participation within couple households. This supports existing literature suggest-
ing that women living with their husbands may encounter more constraints from
traditional gender roles, especially if they are in lower-paid jobs or temporary
positions typically associated with lower educational levels (Hauzel and Pattnaik
2023; Goldin 2022b).

Additionally, as shown in Figure E.1 in Appendix C, the presence of children
appears to contradict the positive effect of a college degree for married women
in couple households. This could indicate that childcare responsibilities mitigate
the beneficial impact of higher education for mothers in couple households. In
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contrast, having a college degree still increases the likelihood for mothers not
living with a partner. These results may suggest that the extended availability
of WfH opportunities post-pandemic, typically for college graduates, primarily
benefits mothers only if they are not constrained by traditional gender roles within
households. This aligns with previous literature expressing concerns that flexible
working arrangements may not reduce the child penalty faced by mothers, but
rather reinforce traditional gender roles (Hauzel and Pattnaik 2023). In summary,
these observations suggest that traditional gender norms continue to play a crucial
role in influencing labor market dynamics in the post-pandemic era.

Although the estimated effects in our DDD analyses offer directional insights,
they are generally not statistically distinct from one another, and thus, the coeffi-
cients should be interpreted with caution. However, the alignment of these effects
with expectations provides indicative power and contributes with several sugges-
tions that labor market dynamics post-pandemic are still shaped by traditional
gender norms.
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Chapter 6

Discussion and concluding
remarks
This paper contributes to the literature on the impact of the COVID-19 pandemic
on the US labor market by being one of the first to document changes in women’s
labor market patterns post-pandemic, with a focus on gender norms. We adopt
a three-step analysis approach to examine the entire pandemic period up to the
present and compare it with preceding, more typical years. The first step replicates
the study conducted by Goldin (2022b), identifying groups of women in the US
who were disproportionately affected by job losses due to the onset of pandemic
restrictions. We then extend Goldin’s analysis and include a later time period,
shifting our focus to examine the gender-related mechanisms in labor force par-
ticipation among the prime-working-age population post-pandemic. The exten-
ded analysis suggests that pre-existing gender inequalities play a crucial role in
determining who enters the labor force and reveal a visible manifestation of tra-
ditional gender roles. Building on these insights, we conclude our analysis with
the third step: employing Difference-in-Difference-in-Differences (DDD) analyses
to examine how the final easing of pandemic restrictions affects the likelihood of
entering the labor force for various groups of women, exploring the association
with gender norms in the new post-pandemic normal.

The findings in this paper provide several insightful results that align with
previous literature and theory. Our results support the notion that the COVID-
19 pandemic illustrates how the theory of social reproduction aligns with real-
world practices (Mezzadri et al. 2022). This theory suggests that the increased
household labor due to the widespread closure of schools, nurseries and day-
care centers is primarily undertaken by women (Bhattacharya and Vogel 2017).
This is evidenced by the findings from the replicated regression analysis, which
show a pronounced negative impact of the pandemic on the likelihood of single
mothers remaining employed due to childcare responsibilities. Additionally, our
extended analysis reveals that women, to a greater extent than men, increased
their likelihood of entering the labor force following the easing of restrictions.
This aligns with expectations given the disproportionate job losses women exper-
ienced due to the implementation of lockdown and social distancing measures.
However, this extra positive impact for women was not long-lasting, supporting
concerns from previous literature that an increase in women’s labor force parti-
cipation post-pandemic might not establish a long-term trend (Goldin 2022b).

In the post-pandemic era, previous literature highlights both the advantages
and disadvantages of increased opportunities for remote work and flexible sched-
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ules for women’s participation in the labor market (Arntz et al. 2022; Goldin
2022b). On one hand, these arrangements enable mothers to balance household
duties with employment. On the other hand, they make it more challenging for
women to achieve career advancements. Additionally, the increased flexibility of-
ten leads to greater household labor for women, thereby reinforcing traditional
gender roles within households (Hauzel and Pattnaik 2023).

Aligning with our expectations, the results from the DDD analyses indicate
that traditional gender norms influence women’s likelihood of entering the labor
force post-pandemic. For instance, married women living in couple households
demonstrate a lower probability of entering the labor force after pandemic re-
strictions are eased. This becomes even more evident when we consider levels of
education and childcare responsibilities in the analysis. The results reveal that the
positive effect of having a college degree on the likelihood of participating in the
labor force decreases if the woman has childcare obligations and lives with her
husband. The persistence of restrictive gender norms post-pandemic suggests a
potential intensification, in line with social reproduction theory, possibly causing
the labor market to revert to a new “old” normal (Anderson 2015; Bhattacharya
and Vogel 2017, pp. 28–49).

Our results highlight the importance of centering labor market policies around
social reproduction (Kevane et al. 2024; Kabeer et al. 2021). Previous studies
have shown that while paternity leave and part-time employment can increase
women’s labor force participation, these resources are more frequently used by
women than men, widening the earnings and career advancement gaps between
the genders (Kevane et al. 2024; Kabeer et al. 2021). This underscores the fact that
policies intended to benefit women do not always provide the intended outcomes
due to entrenched gender norms. As we navigate a new normal with potentially
enhanced traditional gender roles, it becomes clear that family-friendly policies,
which often lead women to take on childcare obligations, may not benefit women
in couple households in the long term. These policies tend to perpetuate tradi-
tional gender roles that dictate who assumes these responsibilities. Therefore, it
is crucial that gender norms are carefully considered when developing policies
aimed at enhancing women’s labor force participation.

Moreover, one key difference between our analysis and the one conducted
by Goldin (2022b) is that we specifically examine a group initially out of the
labor force. Consequently, our findings represent a particularly vulnerable demo-
graphic. This focus limits the extent to which our results can be extrapolated to
the general population. Although our results are not representative for the entire
US population, they reveal a critical insight: targeted examinations are crucial for
policy evaluation, especially in the context of significant national policy changes
such as those imposed during the COVID-19 pandemic. Our findings highlight
the risk of overlooking key issues by relying on aggregated data and underscore
the importance of recognizing the varied implications of policy on different so-
ciodemographic groups and its long-term consequences. Therefore, we emphas-
ize the importance of continuing our research strategy, focusing on how the new
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normal post-pandemic will shape the labor market patterns for various segments
of the prime-working-age population in the future.

However, to move beyond speculative conclusions about the intensification
of gender norms, additional research could utilize a survey-based questionnaire
design to track the career trajectories of both women and men in couple house-
holds, linking their responses to religion or other normative factors. Additionally,
to evaluate the effects of pandemic restrictions, future research could employ a
staggered DDD methodology. This approach would capture the variation in spe-
cific lockdown measures, such as school closures, across US states and their im-
pact on mothers’ career and salary growth. By leveraging the increased childcare
responsibilities faced by mothers during the pandemic, similar to our study, this
method could use a different econometric approach to capture the causal impact
of childcare on mothers’ labor market developments.

When the Canadian economist Armine Yalnizyan spoke about the pandemic,
she remarked: “There is no recovery without a she-covery” (Yalnizyan 2020). Al-
though the findings of this thesis support a short-term increase in labor force par-
ticipation for women relative to men, this increase can primarily be explained by
the lifting of stringent mitigation measures, rather than signaling the beginning of
a long-term trend for women to catch up to men’s labor force participation. Pre-
vious studies show that the child penalty is a crucial factor in pre-existing gender
inequalities in the US labor market. Therefore, it is alarming that the government
could simply shut down nurseries and other facilities, relying on the assumption
that someone would give up their job to care for the children without providing
alternative solutions. This issue demands greater attention and must not be over-
looked in future policy planning.
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Appendix A

Data construction for Table 4.1
To track transitions in labor force participation over time, we use the extracted
dataset from IPUMS and follow the instructions provided in the working paper by
Goldin (2022a). We create a variable to indicate changes in an individual’s status
from one month to the next, where the variable equals 1 if they entered the labor
force and -1 if they exited.

The construction of Group 1 is based on the following criteria:

1. Entered the labor force sometime between April 2019 and February 2020.
2. Were still in the labor force as of their last pre-pandemic (before March 2020)

observation.
3. Had at least one observation in the pandemic period (after March 2020).

The construction of Group 2 is based on the following criteria:

1. Consistently in the labor force from April 2019 to February 2020, without
any identified changes in their labor force status.

2. Contains at least one observation during the pandemic period (after March
2020).

Finally, for both groups, we established a variable to count the frequency of
transitions in and out of the labor force during the pandemic.
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Appendix B

Mean values of subsamples

The means of the independent variables from Equation 4.1 are presented in Table B.1.

Table B.1: The mean values of the independent variables in the total CPS sample
versus the subsample used in the replicated regression analysis.

Independent
variables

Means of total
CPS sample

Means of
restricted sample
for the replicated

regression analysis

Means difference

Female 0.5152 1 -0.4848***

Respondent’s age
20-24 0.0418 0.0818 -0.0400***

25-29 0.0497 0.1227 -0.0730***

30-34 0.0594 0.1463 -0.0869***

35-39 0.0638 0.1609 -0.0971***

40-44 0.0620 0.1571 -0.0951***

45-49 0.0635 0.1627 -0.0992***

>50 0.4265 0.1684 0.2581***

Youngest child’s
age

0-4 years 0.0704 0.1553 -0.0849***

5-13 years 0.0902 0.2331 -0.1429***

14-17 year 0.0374 0.0911 -0.0537***

18-29 0.0538 0.0836 -0.0300***

No residential
children

0.7483 0.4370 0.3113***

College graduate 0.2693 0.4688 -0.1995***

Black 0.0953 0.1006 -0.0053***

Hispanic 0.1372 0.1387 -0.0015*

Service
occupation

0.0539 0.1235 -0.0700***

No spouse 0.5417 0.4197 0.1220***

Observations 3,622, 308 172, 103
† P-Value below 10 %(*); 5 %(**); 1 %(***).

44



The means of the independent variables from Equation 4.3 are presented in
Table B.2.

Table B.2: The mean values of sociodemographic variables in the total CPS
sample versus the restricted subsample used in the DDD analyses.

Sociodemographics Means of total
CPS sample

Means of restricted
sample for the
DDD analysis

Mean differences

Female 0.5152 1 -0.4848***

Respondent’s age
20-24 0.0418 0.1540 -0.1122***

25-29 0.0500 0.1254 -0.0757***

30-34 0.0594 0.1475 -0.0880***

35-39 0.0638 0.1500 -0.0862***

40-44 0.0620 0.1357 -0.0738***

45-49 0.0635 0.1320 -0.0685***

>50 0.4265 0.1553 0.2712***

Youngest child’s
age

0-4 years 0.0704 0.2372 -0.1668***

5-13 years 0.0902 0.2050 -0.1149***

14-17 year 0.0374 0.0634 -0.0260***

18-29 0.0540 0.0690 -0.0150***

No residential
children

0.7483 0.4281 0.3201***

College graduate 0.2693 0.2627 0.0066***

Black 0.0953 0.1043 -0.0090***

Hispanic 0.1372 0.1043 0.0330***

Service
occupation

0.0540 0.0380 0.0157***

No spouse 0.5417 0.4300 0.1117***

Observations 3,622, 308 264, 211

† P-Value below 10 %(*); 5 %(**); 1 %(***).

45



Appendix C

Counterfactual

In Figure C.1 and Figure C.2, DDD analyses are presented for different sociodemo-
graphic groups, illustrating the development of labor force participation rates for
the treated and counterfactual subsamples.

Figure C.1: DDD analyses across genders, parenthood status, college graduates
and Black individuals, with treatment in June 2022 and placebo in June 2018.

†Includes individual FE and the vertical lines denote 95% confidence intervals.
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Figure C.2: DDD analyses across Hispanic individuals, service occupations and
marital status, with treatment in June 2022 and placebo in June 2018.

†Includes individual FE and the vertical lines denote 95% confidence intervals.
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Appendix D

Replicated regression analysis
with labor force

In the following Table 5.1, the results from the replicated regression Equation 4.1
with the change in labor force participation as the dependent variable are presen-
ted.

Table D.1: Annual changes in labor force rates for women between 20 and 54
years from January 2018 to November 2021.

Women in labor force in year t, month m

Main effects Plus child
interactions

Plus race and
occupation
interactions

Plus marital
interactions

Respondent’s age
20-24 −0.0716***

(0.005)
−0.0717***

(0.005)
−0.0716***

(0.005)
−0.0757***

(0.005)
25-29 −0.0138***

(0.004)
−0.0139***

(0.004)
−0.0138***

(0.004)
−0.0162***

(0.004)
30-34 −0.0065*

(0.004)
−0.0065*

(0.004)
−0.0064*

(0.004)
−0.0085**

(0.004)
35-39 0.0109***

(0.004)
0.0110***

(0.004)
0.0111***

(0.004)
0.0091***

(0.004)
40-44 0.0089***

(0.003)
0.0090***

(0.003)
0.0091***

(0.003)
0.0080**

(0.003)
45-49 0.0058*

(0.003)
0.0059*

(0.003)
0.0059*

(0.003)
0.0055*

(0.003)
Youngest child’s age
0-4 years −0.0345***

(0.003)
−0.0237***

(0.005)
−0.0238***

(0.005)
−0.0194***

(0.005)
5-13 years −0.0102***

(0.003)
−0.0081 **

(0.004)
−0.0079**

(0.004)
−0.0048
(0.004)

14-17 years 0.0061*

(0.003)
0.0088**

(0.004)
0.0091**

(0.004)
0.0117***

(0.005)
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Table D.1 Continued from previous page

Women in labor force in year t, month m

Main effects Plus child
interactions

Plus race and
occupation
interactions

Plus marital
interactions

18-29 years 0.0077**

(0.004)
0.0111**

(0.005)
0.0115**

(0.005)
0.0136***

(0.005)
College graduate 0.0365***

(0.003)
0.0364***

(0.003)
0.0382***

(0.003)
0.0393***

(0.003)
Black −0.0271***

(0.003)
−0.0270***

(0.003)
−0.0229***

(0.005)
−0.0256***

(0.005)
Hispanic −0.0283***

(0.003)
−0.0283***

(0.003)
−0.0281***

(0.004)
−0.0288***

(0.005)
Service occupation 0.0175***

(0.003)
0.0175***

(0.003)
0.0265***

(0.004)
0.0259***

(0.004)
Start year 2018 −0.0028

(0.006)
−0.0028
(0.006)

−0.0029
(0.006)

−0.0028
(0.006)

Start year 2019 −0.0040
(0.004)

−0.0040
(0.004)

−0.0040
(0.004)

−0.0040
(0.004)

Spring 0.0007
(0.003)

0.0006
(0.003)

0.0006
(0.003)

0.0005
(0.003)

Summer −0.0003
(0.003)

−0.0003
(0.003)

−0.0003
(0.003)

−0.0005
(0.003)

Fall 0.0037
(0.003)

0.0037
(0.003)

0.0037
(0.003)

0.0036
(0.003)

Prepandemic to
pandemic (pre-pan)

−0.0293***

(0.005)
−0.0222***

(0.005)
−0.0160***

(0.006)
−0.0146**

(0.006)
Pandemic to pan-
demic (pan-pan)

−0.0191***

(0.007)
−0.0181**

(0.007)
−0.0160**

(0.008)
−0.0138
(0.008)

Pre-pan × college 0.0187***

(0.004)
0.0191***

(0.004)
0.0150***

(0.005)
0.0138***

(0.005)
Pan-pan × college 0.0109**

(0.005)
0.0110**

(0.005)
0.0096*

(0.005)
0.0078
(0.005)

Pre-pan × children
under age 5

−0.0234***

(0.007)
−0.0233***

(0.007)
−0.0180**

(0.008)
Pan-pan × children
under age 5

−0.0116
(0.008)

−0.0115
(0.008)

−0.0038
(0.009)

Pre-pan × children
age 5-13

−0.0084
(0.006)

−0.0088
(0.006)

−0.0091
(0.006)

Pan-pan × children
age 5-13

0.0033
(0.006)

0.0033
(0.006)

0.0025
(0.007)

Pre-pan × children
age 14-18

−0.0136*

(0.007)
−0.0144**

(0.007)
−0.0151**

(0.007)
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Table D.1 Continued from previous page

Women in labor force in year t, month m

Main effects Plus child
interactions

Plus race and
occupation
interactions

Plus marital
interactions

Pan-pan × children
age 14-18

0.0087
(0.007)

0.0085
(0.007)

0.0074
(0.008)

Pre-pan × children
age 18-30

−0.0050
(0.007)

−0.0054
(0.007)

−0.0062
(0.008)

Pan-pan × children
age 18-30

−0.0069
(0.009)

−0.0071
(0.009)

−0.0080
(0.009)

Pre-pan × Black −0.0094
(0.008)

−0.0080
(0.008)

Pan-pan × Black −0.0033
(0.009)

−0.0012
(0.009)

Pre-pan × Hispanic 0.0003
(0.007)

0.0008
(0.007)

Pan-pan × Hispanic −0.0014
(0.008)

−0.0006
(0.008)

Pre-pan × service
occupation

−0.0229***

(0.006)
−0.0225***

(0.006)
Pan-pan × service
occupation

−0.0059
(0.007)

−0.0051
(0.007)

No spouse 0.0113***

(0.003)
Pre-pan× no spouse −0.0017

(0.005)
Pan-pan × no
spouse

−0.0028
(0.006)

Pre-pan× no spouse
× children under
age 5

−0.0232*

(0.014)

Pan-pan × no
spouse × children
under age 5

−0.0375**

(0.017)

Constant 0.9362*** 0.9334*** 0.9307*** 0.9256***

(0.006) (0.006) (0.006) (0.006)
R2 0.0231 0.0234 0.0236 0.0239
Adjusted R2 0.0230 0.0232 0.0234 0.0237
Observations 187, 588 187,588 187, 588 187, 588

† P-Value below 10 %(*); 5 %(**); 1 %(***) and standard errors in brackets.
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Appendix E

DDD analyses

In Figure E.1, the results from Equation 4.3 are presented, categorizing new groups
of women by marital status, motherhood and educational attainment.16

Figure E.1: DDD analyses of labor force participation entry rates, with June 2022
as the treatment indicator, interacted with marital status, education level and
residential children. The analyses control for seasonal variations and individual-
specific effects.

†The vertical lines denote 95% confidence intervals. Ever-married women includes those who are

currently married, regardless of whether their spouses are present or not, separated, divorced or

widowed. Women without present spouses includes those who are currently married with absent

spouses, separated, divorced or widowed.

16The groups are G11: ever-married women with college and children (never-married women
without college and children), G12: ever-married women without college and children (never-
married women with college and children), G13: women with present spouse, college and chil-
dren (women without present spouse, college and children) and G14: women with present spouse
without college and children (women without present spouse with college and children).
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