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Abstract

This paper studies gender gaps in labor-market outcomes, with a focus on job ladder dy-
namics. We show that women experience substantially lower wage growth conditional on prior
wages despite nearly identical job-to-job transition rates for men and women. To reconcile these
observations, we document gender differences in the valuation of nonwage job amenities and in
job search behavior, and develop a multi-dimensional job-ladder model with endogenous search
effort where workers value both wages and amenities. The model allows for gender hetero-
geneity in separation rates, search effort, the value of nonemployment, amenity valuations, and
bargaining power, enabling a joint analysis of gender wage and employment gaps. A quantitative
decomposition shows that differences in preferences for nonwage amenities account for nearly
40 percent of the gender pay gap. Differences in the value of nonemployment and bargaining
power explain most of the remainder, with only a limited role for differences in separation rates
and search behavior. Finally, we show that increases in job amenities—such as the expansion
of remote work—raise the gender wage gap while reducing gender differences in employment.
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1 Introduction

The gender wage gap remains significant, and women continue to participate in the labor market at
lower rates than men. After decades of convergence, progress toward closing both gaps has largely
stalled over the past twenty years. Our analysis focuses on the 2013-2022 period, during which the
gaps have been remarkably stable: the gender wage gap has hovered around 20 percent, while the
gap in employment-to-population ratios has remained near 10 percentage points.

Earlier work highlighted education and occupational choice as key contributors to the gender
wage gap (e.g., Groshen (1991); Blau & Kahn (2000)). As women’s educational attainment has
surpassed men’s, education’s importance disappeared. Yet occupation choices still account for part
of the wage differentials (e.g., Blau & Kahn (2017); Bertrand et al. (2010)). We revisit these facts
using both the Current Population Survey (CPS) and the Survey of Consumer Expectations (SCE).
We find that the gender earnings gap averaged around 30 percent and the hourly wage gap about
20 percent in this period controlling for age, race, education, and occupation. Occupation accounts
for roughly 25-30% of these gaps.

Potential explanations for the remaining gender wage gap emphasize structural and behavioral
forces such as nonlinear pay structures (Goldin (2014); Erosa et al. (2022); Kleven et al. (2019);
gender differentials in sorting by occupation and firm (Blau & Kahn (2017); Bertrand et al.
(2010), Moser & Morchio (2024), Xiao (2024)); job amenity preferences and family constraints
(Goldin (2014); Mas & Pallais (2017); Cortés & Pan (2018)); women being less assertive in wage
negotiations and during the job search process (Lochner & Merkl (2025), Fluchtmann et al. (2024),
Cortés et al. (2023), Roussille (2024)) and the glass ceiling that prevents women from reaching
higher rungs of the job ladder (Albrecht et al. (2003), Blau & Kahn (2017)). These explanations
bring the job search process and the job ladder to the forefront of gender wage gap analysis.

This paper identifies key differences in the job ladder for men and women, documenting a set of
stylized facts. We show that women experience higher separation rates from employment than men,
yet exhibit nearly identical job-to-job transition rates. In other words, employed women are just as

likely as men to move directly to another employer but are more likely to exit to nonemployment.



Prior work has highlighted gender differences in labor market transitions, especially those involving
participation, but the striking similarity in employer-to-employer transitions has received limited
attention.! This fact holds across three datasets—the CPS, SCE, and the Survey of Income and
Program Participation (SIPP)—with and without controlling for a rich set of observables.

The uniformity in job-to-job transition rates masks important differences in wage growth. We
find that, conditional on prior wages, women experience annual wage increases that are roughly
11 percentage points smaller than men’s wage increases. This pattern implies that women climb
a flatter job ladder. Given the central role of job-to-job mobility in reallocation and wage growth
(Topel & Ward, 1992; Postel-Vinay & Robin, 2002; Moscarini & Postel-Vinay, 2023), differential
returns to job switching and on-the-job wage growth are likely to be important contributors to the
persistence of the gender wage gap. Understanding the sources and drivers of these differences is
crucial for evaluating potential policy responses.

We identify two main potential explanations for the gender differences in the job ladder. The
first is that men and women evaluate the wage and nonwage components of jobs asymmetrically.
We document this using both stated preferences and realized outcomes. Evidence from the SCE
shows that women report reservation wages that are roughly 20 percent lower than men’s, prefer
fewer work hours, and are less willing to accept changes in their jobs such as increasing hours,
relocating, or increasing their commute. These stated differences are mirrored in actual labor
market outcomes. Using data on job satisfaction among employed individuals from the SCE, we
find that men’s satisfaction is more strongly tied to their wages, whereas women place greater value
on shorter hours and family-oriented benefits.

To provide systematic evidence on sorting by wages and amenities, we construct an occupation-
level amenity index combining measures of physical demands and work pace from O*NET, work
flexibility from the 2017-18 ATUS Leave Module, and teleworkability from Dingel & Neiman (2020).
We show that women are not only more likely to work in higher-amenity occupations, but also

experience larger increases in amenities and smaller wage gains when switching occupations. We

L An exception is Fallick & Fleischman (2004), who noted this in their paper but did not investigate this pattern.
For gender differences in flow rates more generally, see Albanesi & Sahin (2018).



interpret these findings as strong evidence in favor of a multi-dimensional job ladder.

The second potential channel is job-search behavior. Higher separation rates into nonemploy-
ment imply that women are more likely to re-enter the labor market from lower rungs of the job
ladder. Because on-the-job search effort and its effectiveness determine the speed of job-ladder
ascent (Faberman et al. , 2022), differences in search behavior can generate persistent wage gaps.
We find that women search more intensively on the job, but that their search effort translates into
job offers at a lower rate. Consequently, men and women receive similar numbers of job offers
overall, resulting in comparable rates of job-ladder ascent.

Our main takeaway is that the job ladder is multi-dimensional, and men and women climb
the ladder along different dimensions. While our empirical analysis provides several measures in
characterizing these differences in job ladders, quantifying how much of the gender wage gap can
be attributable to each of the differences requires an equilibrium model disciplined by these facts.
The question of how the gender wage gap would respond to changes in the structure of the labor
market—e.g., the emergence of new amenities such as remote work— requires an equilibrium model
with a multi-dimensional job ladder.

We develop an equilibrium on-the-job search model where workers value both the wage and non-
wage aspects of a job, and therefore climb a multi-dimensional job ladder. The model consists of
two labor market states—employment and nonemployment—allowing us to capture the gender gap
in employment-to-population ratios. Jobs differ in both productivity and amenity levels. Amenities
are costly to provide, and firms choose how much to provide based on the average amenity valu-
ation in the economy; equivalently, firms do not provide gender-specific amenities in our baseline
model. Wages are set through sequential auctions and renegotiated when the worker receives an
outside offer. We interpret amenities as fixed characteristics of the jobs; for example some jobs can
offer flexible schedules while some have more rigid schedules due to the nature of work required.
Therefore, when the worker receives an outside offer, the margin of adjustment for counteroffers is
the wage not the amenity.

Motivated by our empirical analysis, we allow amenity valuations, search behavior, value of

nonemployment and bargaining power to differ by gender. The model is calibrated to match empir-



ical moments from our data as well as commonly-used moments in the literature. A key parameter
is the value of amenities for women relative to men. To discipline this parameter, we use evidence
from Maestas et al. (2023), who use a hypothetical choice framework to elicit workers’ willingness
to pay for non-monetary job attributes. While both men and women value features such as flexibil-
ity and remote work, women exhibit an overall willingness to pay for amenities that is roughly 11%
higher than that of men. Another key object is the value of nonemployment which affects workers’
threat point in this class of models. Women have a lower value of nonemployment because of their
lower reservation wages and higher acceptance rates of offers. The model successfully matches
the gender wage gap in the data and implies that amenities account for nearly 40 percent of the
gender wage gap. Therefore, a substantial gender job value gap remains even after accounting for
amenities.

Since jobs have two characteristics in the model —wages and amenities—workers climb a job
value ladder rather than a pure wage ladder. Because women place greater value on amenities,
they are more willing to accept offers from lower-productivity firms that provide better nonwage
amenities. As a result, there is about an 8.5% realized gender productivity gap in the model. This
not only leads to lower wage growth for women upon job switching, but also constrains wage growth
within jobs, as lower-productivity firms have less room to raise wages in response to outside offers.
This mechanism is important when we decompose the gender wage and job value gaps into four
channels: separation rates and search parameters, amenity preferences, the value of nonemployment
and bargaining weights. The first channel accounts for roughly 5% of the gender wage gap while
amenities and value of nonemployment each account for roughly 40% of the gap. The remainder is
due to differences in bargaining power. The gender job value gap is about two thirds of the gender
wage gap and this difference is accounted for mostly by differences in value of nonemployment and
bargaining weights.

A natural question is how changes in amenity provision would affect gender differences in wages.
We consider two experiments to evaluate this question. In the first, firms set amenity levels to target
men (i.e., they set a relatively lower weight on amenities). In the second, firms choose amenity

levels to target women, for example by offering more generous parental leave or family-oriented



benefits. When firms target amenities toward men, it reduces the gender wage gap but widens
the gender employment gap. In this case, women’s reservation wages increase, leading them to
accept high-productivity jobs. When firms tailor amenities to women, their participation rises
since lower-productivity jobs become more attractive, but this then widens the gender wage gap.
An application of our framework is the emergence of remote work after the onset of the COVID
pandemic. A common narrative is that the expansion of remote work should narrow the gender gap
by providing flexibility and helping balance market and home production. Telework has already
been identified as a job amenity prior to the pandemic. For example, Maestas et al. (2023)
and Mas & Pallais (2017) estimate that workers are willing to forego roughly 4-5% of wages for
the option to work remotely, with women valuing this amenity about 1.7 percentage points more
than men. Willingness-to-pay estimates for remote work after the pandemic are even higher. For
example, Barrero et al. (2021) estimate valuations around 7%. We use our model to assess the
implications of the recent rise in remote work, which accounted for roughly 25% of paid working
days in 2023.2 Recent evidence shows that women were more likely to telework than men after
restrictions related to the pandemic were over.? We analyze the effects of the increased prominence
of remote work through two counterfactual exercises. In the first experiment, we model the increase
in remote work as a higher willingness to pay for this amenity for both men and women, and in
the second, we model it as a decline in firms’ cost of providing remote work. In both experiments,
we find that an expansion of remote work increases the gender wage gap while reducing the gender
employment gap. That is because women become even more likely to sort into high-amenity jobs,
while men are more likely to sort into higher productivity jobs, increasing the gender wage gap.
At the same time, the higher amenity value lowers reservation wages for both groups—especially
for women—making low-productivity jobs more acceptable and narrowing the employment gap.
Thus, the gender employment gap shrinks even as the gender wage gap rises. While it is still

early to see the full effects of rising remote work on gender gaps in labor market outcomes, these

2The share of fully-remote paid working days in the U.S. surged from 6-7% to more than 60% at the onset of the
pandemic and has stabilized roughly at 25% in 2023 at a much higher rate than before the pandemic.

3In the first quarter of 2024, women had a telework rate of 24.9%, higher than men’s rate of 21.1%. See
https://www.bls.gov/opub/btn/volume-14/telework-trends.htm



implications of the model are consistent with the widening of the gender wage gap and shrinking
of the participation gap in the post-pandemic period.*

Related Literature. Our paper contributes to two strands of literature. The first is the extensive
literature on gender differences in labor market outcomes focusing on the role of nonwage amenities
and job search behavior in the context of specific amenities. Mas & Pallais (2017), Wiswall &
Zafar (2018), Le Barbanchon et al. (2021), Maestas et al. (2023), and D’Angelis (2023) all present
evidence that women have stronger preferences for nonwage characteristics of jobs such as flexibility,
shorter commute, parental leave etc. A small but growing literature emphasizes the importance of
the search process. Lochner & Merkl (2025) show that women in Germany apply more to flexible
jobs; Fluchtmann et al. (2024) document application differences in Denmark; Cortés et al. (2023)
show risk aversion differences among MBA graduates, Roussille (2024) documents an ask-gap in
online offers and Bandiera et al. (2025) studies the role of job search in the gender employment
gap in Pakistan. We also build on previous work examining occupational and firm-level sorting
such as Blau & Kahn (2017), Cortés & Pan (2018), Sorkin (2018), Erosa et al. (2022), Moser
& Morchio (2024) and Xiao (2024). We contribute to this literature by identifying job ladder
differences between men and women and their drivers for the U.S. and providing a model-based
decomposition of the gender wage gap in the 2013-2022 period.

Our second contribution is related to the literature on models of on-the-job search. Building
on influential work by Burdett & Mortensen (1998), recent contributions emphasized the role of
on-the-job search for wage growth such as Christensen et al. (2005), Cahuc et al. (2006) and
Bagger & Lentz (2019). A related literature examines job amenities (e.g., Hwang et al. (1998),
Bonhomme & Jolivet (2009), Xiao (2024)), employer wage setting (e.g., Amano-Patino et al.
(2025)), and multi-dimensional sorting (e.g., Lindenlaub & Postel-Vinay (2023)). We extend this
literature by allowing employers to endogenously choose amenity provision when different groups

of workers value amenities asymmetrically.

4According to the Census Bureau, the gender wage gap widened for both in 2023 and 2024 for full-time work-
ers. This was the largest gender gap since 2016. At the same time, the participation gap between men and
women went down from 11.5 percentage points in 2019 to 10.5 percentage points in 2024. See for example:
The https://www.cnbc.com/2025/09/11 /for-the-first-time-in-over-60-years-the-gender-pay-gap-widened-2-years-in-a-
row.html.



The paper proceeds as follows. Section 2 summarizes the data sources we use. Section 3
presents empirical evidence on the gender wage gap, labor market transitions including job-to-job
transitions and job search behavior. Section 4 shows that men and women differ both in their
amenity preferences and realized amenities. Section 5 develops a multi-dimensional job ladder

model and provides a quantitative analysis of gender gaps. Section 6 concludes.

2 Data Sources

We rely on two main data sources: the Current Population Survey (CPS) and the Job Search
Supplement to the Survey of Consumer Expectations (SCE), designed by Faberman et al. (2022)
and administered by the Federal Reserve Bank of New York. While the CPS provides a larger
and higher-frequency data source, the SCE complements it by offering detailed information on job
search behavior and job preferences.

The CPS is the primary household survey for the U.S., which is administered monthly to about
100,000 individuals per month. Individuals in the CPS are surveyed for four months, then are out for
eight months, and are surveyed again for another four months, giving the data a limited longitudinal
dimension. Respondents at the end of each four-month period (known as the Outgoing Rotation
Group) are asked about their earnings. This design allows us to measure monthly transitions across
labor-market states and to estimate individual earnings and twelve-month earnings changes.

The SCE is a monthly, nationally-representative survey of roughly 1,100 individuals that asks
respondents their expectations about various aspects of the economy. The Job Search supplement of
the SCE was first administered in October 2013, and has been fielded annually each October since.
The supplement asks a broad range of questions on employment status, job search behavior, and

° Demographic data are also available for respondents through the monthly

job search outcomes.
portion of the SCE survey. The survey asks a variety of questions that are comparable to the
questions on work and labor force status included in the CPS. It asks additional questions tailored

to an individual’s employment status and job search behavior, including a range of questions on

5A more detailed description of the survey, including basic statistics and its comparability to the Current Popu-
lation Survey, is in Faberman et al. (2022).



job satisfaction and work preferences.

Our analysis draws on data from the CPS and the SCE Job Search supplement, restricted to
individuals aged 25 to 64. The CPS data are pooled from July 2013 to December 2022 and include
over 4.55 million observations, while the SCE data are pooled across the October 2013-2022 surveys

and include just over 7,900 observations.

3 Gender Gaps in Pay and Labor Market Transitions

In this section, we document gender differences in earnings and hourly wages both in the CPS
and the SCE. We then analyze gender differences in employment transitions as well as job search

behavior and outcomes.

3.1 Gender Differences in Pay and Pay Growth

Table 1 documents the gender pay gap estimated using our CPS and SCE samples. It shows that
the gender gap remains large across both samples even after controlling for observable demographics
and occupation.® After applying our controls, women earn roughly 20 percent lower hourly wages
than men and about 30 percent lower weekly earnings than men, consistent across both surveys.
Occupation accounts for roughly 25-30 percent of the observed differences but a substantial residual
gap persists. Table Al shows that additionally controlling for marital status or children does
little to narrow the gender pay gaps further, underscoring that neither household composition nor
occupational sorting fully explains the gender wage gap over our sample period.

Table 2 documents that there is also a notable gender difference in pay growth consistent with
the persistence of the gender wage gap. The table reports the year-over-year earnings gains of
individuals who are currently employed and were employed in the CPS twelve months prior. Note
that this is a broad group of individuals who either were employed at the same job throughout,

switched jobs, or incurred some nonemployment spell in between. If we only condition on the same

SThroughout much of our analysis, we control for a relatively parsimonious set of observable characteristics. Where
noted, these include fixed effects for time period (calendar months in the CPS, or years and the SCE), state, five-year
age categories, three education groups (high school or less, some college, college or more), four race groups (White,
Black, Hispanic, other), and detailed occupation, either by four-digit Census code or 3-digit Standard Occupation
Code (SOC).



Table 1: The Gender Pay Gap using Two Measures of Pay: Hourly Wages and Weekly Earnings

CPS Data SCE Data
All HH Heads HH Heads
Dependent variable: log real hourly wage
Female coefficient —0.224 —0.161 —0.276 —0.193 —0.270 —0.205
(0.001) (0.001) (0.002) (0.002) (0.015) (0.015)
R? 0.296 0.429 0.330 0.457 0.272 0.381
Dependent variable: log real weekly earnings
Female coefficient —0.351 —0.245 —0.426 —0.296 —0.395 —0.307
(0.001) (0.001) (0.002) (0.002) (0.018) (0.019)
R? 0.259 0.399 0.301 0.432 0.253 0.373
Time, state controls Yes Yes Yes Yes Yes Yes
Age, educ., race controls Yes Yes Yes Yes Yes Yes
Occupation controls Yes Yes Yes
N 1,191,509 477,942 6,227

Notes: The table reports coefficient estimates on a female dummy in separate regressions that include the controls
listed. Age controls are fixed effects for 5-year age groups, education controls for high school or less, some college,
and college or more, and race controls for four race categories (White, Black, Hispanic, other). Occupation controls
include 4-digit Census occupation (CPS) or 3-digit SOC (SCE). The dependent variable is the log real hourly wage
or the log real weekly earnings. Samples include employed individuals from the CPS (first four columns) and from
the SCE Job Search Supplement (last two columns). Robust standard errors in parentheses.

observables we use in Table 1, we find almost no gender gap in the growth rates of hourly wages
or weekly earnings. Due to more frequent labor market disruptions, women may, on average, be
further down on the job ladder and thus experience large wage gains just because they have further
to climb than men. Consistent with this interpretation, once we additionally control for prior wages
or earnings, we find that men’s hourly wage growth exceeds women’s by 11 log points, and men’s

weekly earnings growth exceeds women’s by 14.1 log points. Accounting for position on the wage

ladder through prior pay therefore reveals a sizable gender gap in pay growth.”

"While it is not possible to identify workers who switched jobs with complete accuracy in the CPS, in Table
A2 we report the year-over-year earnings gains of individuals who are currently employed and were employed in
the CPS twelve months prior who reported transitioning into their current job within the prior three months (i.e.,
are recent hires). We measure earnings growth and identify job switchers in this way because of the nature of CPS
interviews. Respondents are only asked about their earnings during their fourth and last months in the survey, and are
unobserved for eight months after reporting their year-ago earnings. We will miss job switches that occurred during
the intervening eight months, and we cannot identify those who had a nonemployment spell during that period. As a
robustness check, we repeat the exercise restricting the sample to those who are employed in the same occupation in
the months immediately before and after the intervening eight-month period. In both exercises, we find substantially
smaller pay growth for women relative to men when we control for prior wages or earnings. Furthermore, in Table
A3 we find that our results are robust to restricting the sample to individuals without children in the household.
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Table 2: Gender Gaps in Pay Growth

Dependent variable Change in log real hourly wage Change in log real weekly earnings
0 @ B) 0 @) B
Female coefficient -0.005 0.002 —0.110 -0.000 0.005 —0.141
(0.002) (0.002) (0.002) (0.002) (0.002) (0.002)
R? 0.001 0.007 0.350 0.001 0.006 0.311
Month, state controls Yes Yes Yes Yes Yes Yes
Age, education, race controls Yes Yes Yes Yes
Occupation controls Yes Yes Yes Yes
(log) year-ago hourly wage Yes
(log) year-ago weekly earnings Yes
N 371,179

Notes: Table reports the coefficient estimates from regressing the log year-over-year change in either the hourly wage
or weekly earnings on a female dummy in separate regressions that include the controls indicated within each column.
The sample used is all individuals employed in the current month and one year ago in the final Outgoing Rotation
Group of the CPS sample. Robust standard errors are in parentheses.

3.2 Gender Differences in Labor Market Transitions

While gender differences in labor market flows are well documented, much of the literature has
abstracted from job-to-job transitions. The left panel of Figure 1 shows that job-to-job transition
rates are nearly identical for men and women, in contrast to pronounced gender differences in
transitions between employment and nonemployment. The uniformity of job-to-job transitions
across men and women is a relatively new fact that we corroborate in our appendix using three
distinct data sources (the CPS, the SCE, and the SIPP). Tables A4 and A5 show that across
all surveys, and conditional on observable demographics and occupation, we find no statistically
significant gender differences in job-to-job transition rates.®

While job-to-job transition rates are nearly identical for men and women, transitions between
employment and nonemployment differ markedly by gender. As Figure 1 shows, women are more
likely to separate from employment and less likely to re-enter employment from nonemployment,
generating large gender gaps in participation and employment. In our CPS sample, the employment-

to-population ratio is 79.1% for men, compared with 66.5% for women.”

8Tn the CPS and SIPP, we have explicit survey questions that identify a job-to-job transition. The SCE data are
not longitudinal, however, so we identify these transitions using those employed in the current and prior months who
reported accepting a job within the last four weeks.

9These gaps persist after conditioning on observables and remain sizable even when restricting the sample to
individuals without children (see Appendix Table A5).
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Figure 1: Worker Transition Rates by Gender
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Notes: Figure reports authors’ estimates of mean monthly worker transitions by gender from their CPS sample for
all individuals observed in two consecutive months. The left panel reports job-to-job transition rates (E-to-E) as a
percent of prior month’s employed, employment outflow rates (E-to-N) as a percent of prior month’s employed, and
employment inflow rates (N-to-E) as a percent of prior month’s nonemployed. The right panel reports the job-to-job
transition rates decomposed into transitions into full-time jobs (darker shading) and part-time jobs (lighter shading).

The right panel of Figure 1 shows that the similarity in job-to-job transition rates masks impor-
tant differences in the types of jobs men and women switch to. Women are substantially more likely
to transition into part-time jobs: roughly 25% of their job-to-job transitions lead to part-time jobs,
compared with about 10% for men. We show that controlling for demographics, occupation, and
household composition can only explain between one-third and one-half of the gender gaps in job
switches to full-time or part-time employment, and that applying these controls actually widens the
gender gap in transitions into and out of employment (see Table A5). Furthermore, if we condition
our sample on individuals without children, we find sizable gender gaps remain. Women without
children are significantly more likely to transition out of the labor force or into part-time work,

and significantly less likely to transition into the labor force or into full-time work, relative to men

without children.
3.3 Job Search Behavior

In Figure 1, we showed that similar job-to-job transition rates between men and women mask
notable heterogeneity in job search behavior by gender, notably in the work hours they seek. In

this section, we document gender differences in search behavior.
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Table 3: Job Search Behavior by Gender

Employed Nonemployed
Men Women Men Women
Search Effort
Applications sent in last four 0.80 1.04 1.65 2.28
weeks (0.07) (0.07) (0.24) (0.24)
Hours spent searching in 0.76 1.10 2.14 2.17
last seven days (0.06) (0.07) (0.22) (0.21)
Search Outcomes
Fraction with an unsolicited offer in 0.025 0.023 0.034 0.015
last four weeks (0.003) (0.003) (0.007) (0.004)
Fraction with any offer in 0.127 0.144 0.121 0.134
last four weeks (0.006) (0.006) (0.012) (0.012)
Offer yield 0.159 0.138 0.073 0.059
Excluding Search for Additional Work Only
Applications sent in last four 0.66 0.73 1.65 2.28
weeks (0.06) (0.06) (0.24) (0.24)
Fraction with any offer in 0.112 0.114 0.121 0.134
last four weeks (0.006) (0.006) (0.012) (0.012)
Offer yield 0.170 0.159 0.073 0.059
N 3,196 3,155 705 882

Notes: Estimates come from authors’ tabulations from their SCE Job Search Supplement sample. Total offers received
include formal offers and offers respondents declined before they could be made. Offer yield is defined as the fraction
with an offer per application sent, employment status is defined four weeks prior to the survey interview for all
variables except hours spent searching, whose employment status is defined at the time of the interview. Standard
errors are in parentheses.

Table 3 reports job search effort and search outcomes by gender and employment status for
multiple metrics. On average, women search more than men, regardless of whether we consider the
number of job applications sent in the last month or hours spent searching in the last week, and
whether we exclude applications for additional jobs rather than new ones. Women are also more
likely than men to receive a job offer,'” but are somewhat less likely to receive an unsolicited offer
(i.e., an offer made without any search effort). Taken together, these patterns imply that women
receive slightly fewer offers per application submitted, regardless of employment status, suggesting
that their search efforts are relatively less effective. However, differences in offer yields—defined as

the fraction receiving an offer divided by the number of applications—are relatively small.

We show that these patterns hold along the extensive margin as well—i.e., women are more

00ur measure of job offers includes formal offers, unsolicited offers, and unrealized offers (i.e., offers that were
rejected before being made formally).
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likely to search regardless of search effort. Consistent with the evidence in Figure 1, women are
more likely to look for part-time work, and among the employed, women are more likely to be
seeking a job in addition to their current one (see Appendix Table A6). The patterns in Table 3
generally hold among the employed after applying our controls for demographics and occupation,
but these controls account for most of the observed gender differences in search effort and (total)

offers received among the nonemployed (see Appendix Table A7).1!

4 Gender Differences in Job Amenities

The lower wage growth women experience indicates that the job ladder is flatter for women—
conditional on prior earnings, women experience lower wage growth. One possibility is that women
place greater value on nonwage amenities, leading them to sort into jobs with characteristics that
offer lower wage growth in return for better amenities. In this section, we start by documenting
differences in stated preferences of men and women in terms of characteristics of jobs including

nonwage amenities. We then analyze these patterns in the realized outcomes.
4.1 Reservation Wages and Amenity Preferences

We begin with an analysis of how men and women potentially trade off wages for amenities. The
SCE Job Search Supplement collects survey responses on individuals’ reservation wages, desired
work hours, and several hypotheticals about how a respondent’s reservation wage would need to
change to accept certain job disamenities. It asks these of all individuals who looked for work
or stated they “might” take a job if offered (regardless of labor force status; these respondents
represent just over three-quarters of our sample).

We estimate the gender gaps in the reservation wages and desired weekly work hours, applying
the same controls for demographics and occupation as in earlier exercises, in addition to employment
status, and report these alongside their unconditional means in the left panel of Figure 2. We find

that women have a reservation wage that is about 23% lower than men’s when we apply all of our

1Tn unreported results, we also find that these patterns generally hold regardless of whether respondents have
children (for both the employed and nonemployed).
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Figure 2: Reservation Wages, Desired Work Hours, and Disamenity Valuations by Gender

Il Men HllWomen [llFemale - Male (controls) Il VMen IlWomen [llFemale - Male (controls)

gl 34360 33.090 60 -

55.00

0
Reservation wage Desired weekly hours Refuse relocation Refuse 2x commute  Refuse +10% hours

Notes: Figure reports mean estimates by gender of individuals self-reported reservation wages, desired work hours,
and valuations of hypothetical job disamenities, along with their estimated gender gap conditional on observables.
Estimates are from all individuals who either looked for work or stated they might take a job if offered to them in
the SCE Job Search Supplement sample. The left panel reports estimates for the respondents’ hourly reservation
wage and desired work hours. The right panel reports the fraction of respondents who would reject the listed job
disamenity at any offered wage (a relocation, a doubling of their commute, or a 10 percent increase in work hours,
respectively). Estimated gender gaps control for state, year, age, race, education, the three-digit occupation of the
respondent’s current/most recent job, and employment status. All estimated gaps are significant at the 1 percent
level.

controls. Women also prefer fewer work hours than men, preferring to work 3.5 fewer hours per
week unconditionally, and 2.7 fewer hours per week after applying our controls.'?

The right panel of Figure 2 shows the fraction of individuals who would not take a job (at
any wage) if the listed job characteristic changed to become a greater disamenity. We report the
unconditional shares separately by gender, along with their unconditional and conditional gender
gaps. The disamenities we focus on are a hypothetical need to relocate, a doubling of one’s commute,
and a 10 percent increase in required work hours. While women may have lower reservation wages,
they also have stronger preferences on the nonwage characteristics of the job. Women are 11
percentage points more likely to state they would not accept a job that requires them to relocate
at any wage. Women are also 10 percentage points more likely to refuse a job at any wage that

doubles their commute, and 7 percentage points more likely to refuse a job that required 10 percent

1211 log terms, the reservation wage gap is 23.3 log points, and the desired hours gap is 9.3 log points, after applying
our controls.
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Table 4: Wages, Job Characteristics, and Job Satisfaction by Gender

Men ‘Women

(1) (2) (1) (2)

Dependent variable: Ouverall Job Satisfaction (1—5 Scale)

log real hourly wage 0.315 0.272 0.191 0.141
(.038) (.039) (.041) (.043)
log usual work hours 0.066 —0.003 —-0.111 —0.226
(.068) (.071) (.057) (.063)
Any quality-of-life or childcare benefits 0.065 0.255
(.048) (.055)
Commute time —0.021 —0.010
(.007) (.008)
Any health, dental, or life benefits 0.044 0.049
(.072) (.069)
Any retirement or equity benefits 0.190 0.168
(.063) (.061)
R? 0.131 0.141 0.100 0.116
Month, state controls Yes Yes Yes Yes
Age, education, race controls Yes Yes Yes Yes
Occupation controls Yes Yes Yes Yes
N 2,755 2,708

Notes: The table reports coefficient estimates from regressing a self-reported measure of job satisfaction (measured
on a one to five scale) on the listed regressors in separate regressions by gender. All regressions control for year,
state, age, education, race, and three-digit occupation. We use the square root of commute time. The sample is all
employed individuals in the SCE Job Supplement from 2014 forward. Robust standard errors in parentheses.
higher hours than their desired hours. In all three cases, adding our controls does little to alter the
estimates. We show that restricting the sample to those without children in the household yields
similar results. The reservation wage gap between men and women is somewhat smaller for men
and women without children, but otherwise the gaps are very similar to those we report in Figure
2 (see Appendix Table AS).

The SCE also asks about job satisfaction of all employed respondents, which they are asked to
rate on a 1 to 5 scale, with 5 representing the highest satisfaction. While men and women have
similar job satisfaction scores, there are notable gender differences in how respondents’ job satisfac-

tion is related to the wage and nonmonetary amenities of their jobs.'® Table 4 presents regression

estimates of the relationship between overall job satisfaction and wages, work hours, and other

13Tn the SCE data, men have a mean job satisfaction measure of 3.86 and women have a mean job satisfaction
measure of 3.76.
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job characteristics for men and women. Across specifications, wages are positively associated with
satisfaction for both, but the relationship is notably stronger for men. By contrast, usual work
hours have little effect on men’s satisfaction but are negatively related to women’s satisfaction.
Benefits also display gender differences. Benefits related to quality-of-life and childcare are posi-
tively related to satisfaction for both men and women, but the coefficient is more than three times
larger for women. Retirement and equity benefits and commute time have similar relations for
men and women.'* Overall, these correlations suggest that women place greater weight than men
on nonwage amenities—particularly those related to job flexibility—while men’s job satisfaction is

more tightly linked to pay.
4.2 Gender Differences in Realized Job Amenities

Our findings indicate that men and women evaluate various job characteristics differently and trade
off wages for better amenities in their job search to different degrees. This view is supported in
recent work by Maestas et al. (2023), who find that women are more willing to forego monetary
compensation for job amenities than men. Their findings are based on a survey that focuses on
nonmonetary job traits and elicits information on willingness-to-pay for job characteristics such as
flexibility, physical demands, teleworkability, scheduling and leave time.

We construct an occupation-level index of job amenities that we can match to respondents in
the CPS in the spirit of survey evidence in Maestas et al. (2023). Our index uses measures of
the nonmonetary job characteristics comparable to theirs. The index components are based on
three sources: measures of physical activity and the pace of work come from O*NET data on
Work Context; measures of work flexibility come from the American Time Use Survey (ATUS)
2017-18 Leave Module; and a measure of teleworkability comes from Dingel & Neiman (2020). We
intentionally leave out benefits that are tied to monetary compensation such as retirement benefits,
stock options and health insurance. The index is a weighted average of its components, each
normalized to be between zero and one, where the weights are willingness to pay estimates from

Maestas et al. (2023) and Barrero et al. (2021). A value of one corresponds to the best possible

11n Table A9, we find that these results remain very similar when we restrict the sample to individuals without
children in the household.
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value for that job amenity observed in the occupational data. Since we weight the components in
the index by willingness to pay estimates, the maximum value of the index is 0.35, the sum of the
weights. The average worker in the economy going from an occupation with an index value of zero
to the maximum-amenity occupation would be equally well off with their wage being 35% lower.
This likely understates the full extent of amenity dispersion, as the index does not capture within-
occupation variation in amenities. Moreover, our measure excludes some amenities considered in
Maestas et al. (2023), who report a willingness to pay of 0.55 for moving from the worst to the
best amenity job in their data.'® We derive our index estimates by roughly three-digit occupations
(and greater detail where the data allow) and match them to all employed individuals in our CPS
sample by occupation. We detail the construction of the amenity index in Appendix B.

Earlier studies, such as Goldin (2014) and Blau & Kahn (2017), documented that women are
more likely to work in lower-wage occupations. We also showed in Table 1 that occupation explains
25% to 30% of the gender wage gap consistent with this observation. In Figure 3, we find the
opposite is true for amenities: the female share of occupations increases with the amenity index
but decreases with occupation-level wages. Each scatter plot shows the relationship controlling for
the other variable (i.e., from a regression of female share on wages and amenities jointly). The
same pattern holds when looking at the univariate correlations instead of the partial correlations,
but are quantitatively less strong because of the overall positive correlation of amenities and wages
across occupations, as shown in Appendix Table A10.16 We also consider average gender differences
in occupation-level amenities for each component separately in Table B2 and find that there are
positive gender gaps in six out of the seven components, and especially for telecommuting, pace of
work, schedule and work flexibility.

Table 5 considers individuals who were employed both in the current month and one year earlier

in the final CPS Outgoing Rotation Group. These regression results speak directly to gender

15Some amenities they consider—such as training opportunities—are excluded because they are likely to capture
future wage growth. We also exclude paid time off, as we do not observe a sufficiently detailed measure of its
availability.

16See Appendix Figure Bl for positive correlation between occupation-level amenities and wages. Furthermore, we
find in Appendix Table A10 that our results are robust and even slightly stronger when we residualize our wage and
amenity measures by age, education and race.
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Figure 3: Female Shares by Occupation-level Amenities and Wages
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Notes: The figures show partial correlations of the occupation-level (a) amenity index and (b) hourly log wages with
the share of women in that occupation. In other words, the figure (a) shows the partial correlation of the amenity
index with the female share, controlling for average occupation-level log hourly wages, whereas figure (b) shows the
partial correlation of the average log hourly wage with the female share, controlling for the average occupation-level
amenity index. The size of the circles correspond to the relative size of the employment in that occupation and
the linear regression line is weighted by employment in each occupation. Our three-digit occupation estimates are
aggregated across all employed in the Outgoing Rotation Group of our CPS sample. See Appendix B for details of
the amenity index’s construction.

differences in job-ladder dynamics and are comparable to the individual pay-growth regressions
reported in Table 2, with the key distinction that the changes documented here arise solely from
occupation switches. We find that, conditional on their initial position on the amenity ladder,
women experience somewhat larger amenity gains than men, but substantially smaller gains in
occupational wages once we condition on their initial position on the job ladder (as captured by

17 Because our dependent variables—the

the amenity or wage level of their job one year earlier).
amenity index and occupation-level wages—are measured at the occupation level, they do not
capture job-ladder movements within occupations. Comparing the gender gaps in individual-level

wage growth reported in Table 2 with those in occupation-level wage growth in Table 5 provides a

17 Appendix Table A1l shows that these results are robust to restricting the sample to individuals without children
in the household.
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Table 5: Estimated Gender Gaps in Job Amenity and Wage Changes at the Occupation Level

Dependent variable: Change in Amenity Index Change in Occupation log Wage

(1) (2) (1) (2)
Amenity Changes and Wage Growth, All Employed

Female coefficient 0.0001 0.0052 0.002 —0.049
(0.0015) (0.0026) (0.012) (0.018)
R? 0.001 0.150 0.004 0.191
Month, state controls Yes Yes Yes Yes
Age, education, race controls Yes Yes Yes Yes
Year-ago amenity index Yes
(log) year-ago occupation wage Yes
N 371,085 347,596

Notes: Table reports the coefficient estimates from the regression of the listed dependent variable on a female dummy
and the listed controls. See Appendix B for details of the amenity index’s construction. The sample used is all
individuals employed with positive hours and earnings in both the current month and one year ago in the CPS
sample. Standard errors are clustered by 4-digit Census occupation and in parentheses.

gauge of the gap missed when using occupational data. For example, individual wage gains exhibit
a gender gap of —11 log points, whereas occupational wage gains display a gap of —4.9 log points.

To summarize, these findings suggest that women face a steeper job ladder in amenities but a

substantially flatter wage ladder.

5 An Equilibrium On-the-Job Search Model with Amenities

Taken together, our empirical evidence suggests that men and women value different dimensions
of jobs differently. In this sense, women are more likely to climb the multi-dimensional job ladder
along the amenity dimension, while men are more likely to climb along the wage dimension. This
interpretation builds on Maestas et al. (2023), who find a higher willingness to pay for nonmonetary
amenities for women than men and is also consistent with Mas & Pallais (2017), who find that
women place a higher value on working from home and avoiding irregular work schedules than do
men; Wiswall & Zafar (2018), who find that undergraduate women are willing to give up 7% of
their pay to have a job that includes the option of part-time hours, while men are willing to give
up only 1% of pay; Le Barbanchon et al. (2021), who find that women are willing to accept a
lower wage to avoid a longer commute and D’Angelis (2023), who finds that early-career women

are willing to accept lower wages in order to obtain greater parental leave. The tradeoff between
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wages and job amenities is a key feature of the model we develop next.

We set up an equilibrium search model with on-the-job search and endogenous search effort
where workers value both the wage and nonwage aspects of a job as in Rosen (1986) and therefore
climb a multi-dimensional job ladder. Men and women differ along five dimensions: preferences
for nonwage amenities, values for nonmarket work/leisure, the frequency of market transitions, job
search costs and search effectiveness, and differences in bargaining power. We build on Cahuc et al.
(2006) and Bagger & Lentz (2019) and extend their framework along three dimensions. First, we in-
troduce a match-specific amenity, similar to Hwang et al. (1998) and Bonhomme & Jolivet (2009).
Second, our model consists of two worker states—employment and nonemployment—instead of
focusing on unemployment which allows us to capture gender differences in participation deci-
sions. Third, we allow for differences in search costs and search effectiveness by employment status

following Faberman et al. (2022).
5.1 Model Setup

Time is discrete and its discount rate is r. Firms are ex ante homogeneous and post vacancies, v,
to recruit workers. The labor market consists of male and female workers, denoted by g € {m, f}.
Workers can be either employed or nonemployed, with j € {e,n} denoting their employment
status. Note that nonemployment includes workers who are either unemployed or not in the labor
force which we take into account when we calibrate our model. This choice is motivated by the
observation that there is no gender unemployment gap in the data while employment rates are still

lower for women.®

Job Search and Production. When employed, workers may separate from their job via layoff
at a rate d4, via a reallocation shock at a rate p,, or via an endogenous quit to a new job. Re-
allocation shocks result in an offer for the worker but with the outside option of nonemployment.
Workers search for work both on and off the job, exerting an endogenous level of search effort, s, to

generate job offers. Offer arrival rates potentially differ by gender and employment status. Offers

18See Albanesi & Sahin (2018) for an analysis of full convergence of unemployment rates by gender with the
exception of recessions when male unemployment rate typically exceeds female unemployment rate.
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arrive at a rate M (s) and workers incur search costs of ¢,(s), which are increasing and convex in s.

Workers value both their wage earned, w, and a job amenity, a, while employed. Their flow
utility of employment is defined as u,(w,a) = w + v4(a — @), where v, represents the utility the
worker receives per unit of amenity, a, and captures gender differences in preferences for nonwage
job amenities. There is a reference level of the amenity, a, so the overall valuation of the amenity
can be either positive or negative. Amenities are produced by firms, which face a convex cost (h(a)
where ( is a cost shifter that differs across firms and leads to dispersion in the provision of job
amenities. Firms provide a level of amenities that maximizes the joint match surplus of the worker
and the firm which is formally max, 7(a — a) — (h(a). Therefore, the optimal amenity production

satisfies

(1)

which implies that the amenity production is increasing in the firm’s targeted marginal amenity
valuation, 7, and decreasing in the firms’ amenity cost shifter, . In our baseline model, we assume
that firms target the average amenity valuation of searchers in the economy and later consider
alternatives.

The match produces py, where p is an aggregate productivity shifter and y is the match-specific

productivity. The flow value of the job match, w, is

w = py — Ch(a(Q)) + v(alC) - ). (2)

We let F, be the distribution of match-specific productivity and F¢ be the distribution of amenity

cost shifters.

Joint Match Value. We assume that firms’ and workers’ search and separation decisions are
jointly optimal, which makes the problem tractable in general equilibrium as in Bagger & Lentz

(2019). One can show that the joint flow value of the match, w, is the only state variable to keep
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track of for an employed worker.'? The joint value of a match, K,(w), thus satisfies:

1
1+7r

Ky(w) = max {w —cg(s) +

[Kg<w> ~5y[Ky(w) — Ny V]
—I—,?)g(H) /R5 [Wg(w’,()) +V - Kg(w)]ng(w') — ﬁg(H)Fg(Ré)[Kg(w) - Ny — V]

1X(5.6) /

[ Wt v - Ky lan )] ®
where Wy(w',w) is the value of the worker in a match with flow value w’ when their outside
option is a match with flow value w, Wy(w',0) is the value of the match when the worker’s outside
option is nonemployment, N, is the value of nonemployment, and V' is the value of a job vacancy.
Furthermore, Fy(w) = ny(%[w + ¢h(a(C)) — vy(a(C) — @)])dF:(C), and dF,(w) = %dey(%[w -
Ch(a(C)) — vy(a(l) — &)])dFC(CA). Workers face a reallocation probability pg(6) = (1 — d4)pgA(0)
and offer arrival rate 5\2(3, 0) = (1 = dg)(1 — pg)Ag(s)A(0), where A(9) is a common factor to offer
arrival rates that depends only on labor market tightness #.20 A worker who receives an exogenous
separation shock flows into nonemployment. If a worker receives a reallocation shock py, they
sample an outside offer and accept it if the offered match value is above the optimal reservation
match value Rg. In the absence of separation or reallocation shocks, the worker samples an outside
offer with probability 5\2(3, 6) from the distribution F,(-) and accepts the offer if its flow value is

above the optimal reservation flow value, Rg(w).

Value of nonemployment. The value of nonemployment satisfies:

n 1 n
Ng = max{bg—cg(s)+W[Ng—i-)\g(s,e)/

ma [Wy(w',0) = NyldF,(w)] }, (@)

n

where b, is the gender-specific flow value of nonemployment, A7 (s, ) = A7 (s)A(f) is the probability

of matching with a firm, and Ry is the nonemployed worker’s optimal reservation match value.

Vacancy Posting. Firms pay a per-period vacancy posting cost, k, and vacancies are filled with

probability ¢(#). Let Jy(w’,w) be the value of the firm in a match with flow value w’ when the

Ontuitively, this follows from random matching, which implies that the probability of getting an outside offer with
a particular combination of ¥’ and a’ is independent of the particular combination of y and a in the current match.
20Gearch effort is bounded above at 5; such that the probability of an offer does not exceed one.
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outside option of the worker is a match with flow value w, and with w = 0 if the worker’s outside

option is nonemployment. The value of a vacancy satisfies:

vV o= —k:—i—T[V+q(9)Z7rg(T;f])\Z(sg,0)/Rn(Jg(w’,O)—V)ng(w’)
g g

£ S0 [ (0 = VIRW)

9

s 5 K@ [ g@)(@(w’,w)—v>ng<w'>Gg<w>dw)] )

Aggregate effective search effort is S = ) 7Sy, where the effective number of searchers is S; =
ng(sy, 0) +(1—ny)[pg(0) + [ X;(sf](dj), 0)G4(w)]dw and where G4(w) is the cumulative distribution

function of realized match values w for workers of gender g.

Wage Contracts. Wage contracts are negotiated at the beginning of the match and renegotiated
in the presence of an outside offer as in Cahuc et al. (2006). The value of a job offer with joint
match value w’ for workers currently in a match with joint value w satisfies the Nash-Bargaining

solution:
Wy (', w) = 74(Ky(w') = V) + (1 = 79) Kg(w). (6)
Similarly, the value of a job offer with joint match value w’ for nonemployed workers satisfies:
W (w',0) = 74(Kg(w') = V) + (1 = 79) Ny, (7)

where the workers’ gender-specific bargaining share is 7,. The value of the match for firms, J, (v, w),
is the remainder of the joint value K,(w’).

While the worker values only depend on the joint flow value w, the wage itself will depend on
both the joint flow value as well as the amenity of the match, wév B(w,a). In fact, we can define a

Nash-Bargain transfer téVB(w) such that téVB (w) = wéVB(w, a(C)) +v4(a(¢) —a) and w — t;VB (w) =

Yy — wéVB(w,a(C)) — Ch(a(¢)). One can easily prove that téVB only depends on w and not its

components.
Using the Nash-bargaining solutions, one can simplify the value functions for the joint match

value and the value of nonemployment. To simplify the presentation, we impose the equilibrium
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zero profit condition V' = 0. We can rewrite the value of a match as:

Kyw) = max {w =G0+ Ty [ Kole) = By 4 O (@)~ )

+54(6) /R g (Ky(e!) ~ Ny)dFy (o) + X(5,6) / (Ko () — Kg(w))ng(w'))] }.(8)

e

The value of nonemployment becomes:

N, = max {bg —e(s) + —— [Ny + A2(s,0) / 7o (K (W) — Ng)ng(w’)} } (9)

s,R™ 1+r

n

Using the Nash-bargaining solutions, we can also simplify the value functions for vacancy post-

ing:
vV = —k:+1ir[v+q(9)zg:(Z,g)\g(sg,e)/Rg(l—rg)(Kg(w')_Ng—V)ng(w/)
0 [ (1w () - Ny~ VIR (10)
L=y [ Sersea - W) — w) — W' w
b [ R@n0 [ () — Ko@)~ VI 4G @) )|

First Order Optimality Conditions. Given these simplified value functions, the first order

condition with respect to s for employed and nonemployed individuals, respectively, are:

(1 +1)eg()(s5(w)) = Ag()(s5(w), 0) /Rg(w) [rg (K (w') = K (w))]dFy(w') (11)
(1+7)eg($)(sg) = Ag()(sg.0) /R 79K (W) = NgldFy ('), (12)

!/

*) is our short form for the derivative with respect to s. The first order conditions for the

where (

reservation productivities are:

Ky(Rg) = N, (13)
Ky(Ry) = Ny (14)
Ky(Ry(w)) = Ky(w), (15)

which imply that R¢(w) = w and R} = R,
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Stationary Distribution and Equilibrium. The steady-state nonemployment rate, ng, is iden-

tified by equalizing the inflows and outflows as follows:
ngAy (55 0)[1 — Fy(Rg)] = (1 —ng)[6, + fg(0) Fy(Ry)]- (16)

The steady-state distribution of workers across w, G4(w), is identified by equating employment

inflows and outflows between jobs with joint match value less than or equal to w:

ngAy (54, 0)[Fy(w) — Fy(Ry)] + (1 — ng)pg(6) [Fy(w) — Fy(Ry)] = (17)

(1= ng)[dg + pg(0)]Gy(w) + (1 —ny) /w[l — Fy(max{Rg(@), w}H)]Ag(s5(@), 0)dGy(@),

which shows the mass of workers who get an acceptable job offer equal to w or lower on the left-hand
side and the mass of workers who either lose the job due to a separation shock or leave the job

because they accept a better offer that is above w.

Definition 1 A stationary equilibrium is defined as the search efforts sy and sg(w), amenities a((),

reservation productivities Ry

, Rg, and Rg(w), nonemployment rates ng, distributions Gg(w), labor
market tightness 0, and value functions Kq(w), Ny, and V, that for all w and g satisfy equations
(8)-(10), the first-order conditions (1) and (11)-(15), the steady-state conditions (16) and (17),

and the zero-profit condition V = 0.

The stationary equilibrium is independent of the offered values Wy(w',w) and Jy(w',w) and thus
does not require us to solve for the wage contracts. This considerably simplifies the equilibrium

solution. Given the Nash-Bargaining solution, it is easy to solve for the offered wages, wév B(w,a(¢)).
5.2 Model Calibration

We calibrate our model to a monthly frequency and parameterize it in two blocks. Parameters in
the first block are set externally and based on the existing literature. Parameters in the second
block are set internally to match moments from the data using mostly the CPS and the SCE. Note
that we define labor market states as employed (E) and nonemployed (N) and do not distinguish

between the unemployed and those out of the labor force among the nonemployed. We believe that
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it is important to account for all transitions between E and N, as women have frequent labor force
interruptions, which could potentially affect their ability to climb the job ladder.

We start by setting the interest rate r to target a 4 percent annual discount rate. We summarize
our remaining choices for externally-calibrated parameters below and also in Panel A of Table 6.
Search Costs. We assume a functional form for the search cost function identical to Faberman
et al. (2022) but allow the scaling parameters to vary by gender, following our empirical evidence:
i

L
= T s 757 for g€ {m,f} and j € {e,n}.

c§(s)

In our baseline calibration, we use v¢ = 3.6 based on the estimates from Faberman et al. (2022).
We choose 7™ to match the search-UI elasticity in Krueger & Mueller (2010).

Matching technology and offer arrivals. Matching between firms and workers is random across
both labor force states and is governed by a Cobb-Douglas matching function M (S, v) = pSmv="
which satisfies the standard properties. Labor market tightness, § = v/S, is defined as vacancies,
v, per effective number of searchers, S. Offers arrive at a rate )\Z,(s) = ozg + ﬁgs, and we obtain our
estimates for ozé using unsolicited offer rates and Bg using the search effort and offer arrival rates
observed in the data. We set the flow cost of vacancies k to be consistent with a steady-state ratio
of vacancies to job seekers equal to 1.

Match-specific Productivity. We assume that the distribution of productivity y is log-normal
with mean p, = 0.35 and standard deviation o, = 0.27. For the former, we choose a positive value
so that the average productivity net of amenity production costs is 0, and for the latter we match
the estimated frictional wage dispersion in Hall & Mueller (2018).

Amenity Production. We must also make assumptions on the distribution of the amenity cost
shifters and the valuation of amenities offered by firms. We assume that the cost of producing

amenities is quadratic: Ch(a) = %aQ, which implies that optimal amenity production is a(() =

/NN

This further implies that the net value of the amenity production at the match level is v4(a(() —
a) — Ch(a(Q)) = % (vg — %) — vga. We normalize v,,, = 1 and assume that the cost shifters are
distributed such that the optimal amenities, a(¢) = %, are distributed uniformly with mean 1. We

set the standard deviation of a(¢) = % to 0.32 as in Hall & Mueller (2018). We set the reference
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Table 6: Model Parameterization

A. Externally Calibrated B. Internally Calibrated
Parameter Value Source/Target Parameter Value Target
T 0.9966 Annual 4% discount rate Ky K 0.038, 0.014  Search effort, N
k 0.57 =1 Ky K% 0.008, 0.004 Search effort, E
D, W 1.00, 1.00  Normalizations Qpy,y OF 0.049, 0.016  Unsolicited offers, N
n 0.50 Petrongolo & Pissarides (2001) ap,, O 0.020, 0.015 Unsolicited offers, E
Hy» Ha 0.35, 1.00 Normalization o BF 0.077, 0.053  Offer arrival, N
Oy, Oa 0.27,0.32  Hall & Mueller (2018) o BY 0.094, 0.068 Offer arrival, E
~€ 3.60 Faberman et al. (2022) b, by 1.361, 1.265 Acceptance rate, N
A" 1.00 Search—UT elasticity Pm, Of 0.017, 0.020  Acceptance rate, E
U, Vs 1.00, 1.137  Maestas et al. (2023) Om, O 0.019, 0.026 Nonemployment rate
1% 1.066 Offer-weighted average of v, and vy Ty Tf 0.50, 0.32  Res. gender wage gap

Notes: See Appendix Table C2 for details on the targeted moments and their data sources as well as the model fit.

level of the amenity to the average of the distribution (i.e., a = p, = 1).

Amenity Preferences. For the amenity valuation of women, we refer to Maestas et al. (2023),
who estimate the willingness to pay for various job amenities and find that a switch from the worst
job to the best job is equivalent to a 58.8 percent wage increase for women and a 51.7 percent
wage increase for men. The willingness to pay in our model is ¥4 and thus the evidence in Maestas
et al. (2023) pins down the relative willingness to pay j—i = 0.588/0.517 = 1.137. For the amenity
preference target, v , in the baseline calibration we assume it to be the offer-weighted average of
vy for men and women, but we perform a series of experiments below for alternative assumptions
about this parameter.

Internally-calibrated Parameters. Panel B of Table 6 reports the estimates for our internally-
calibrated parameters. We target moments from what we consider our most robust evidence from
the SCE and CPS. We report these moments and detail how we construct them in Appendix
C.1. For offer arrival and acceptance rates, we proportionally adjust the estimates from the SCE
to match the job-finding and job-to-job transition rates in the CPS. The parametrization implies
that men tend to face higher search costs and have somewhat higher effectiveness in job search
(measured by offer arrival rates per unit of search effort). Perhaps surprisingly, men have a slightly
higher flow value of nonemployment since we calibrate this parameter to match acceptance rates of

offers—which tend to be higher for women. One interpretation of men having higher flow value of
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Table 7: Gender Gaps in the Model

Panel A. Targeted Gender Gaps Panel B. Untargeted Gender Gaps
Gap Value Gap Value
Wage gap (logs) -0.205 Job value gap -0.142
Employment gap -0.125 Job amenity gap 0.062
N-to-E rate gap -0.032 Realized productivity gap -0.085
E-to-N rate gap 0.009 Conditional wage growth rate gap -0.146
Job-to-job transition rate gap  0.000 Conditional amenity growth rate gap  0.021

Notes: Panel A reports targeted gaps while Panel B reports model-implied gaps from the calibrated model. All gaps
are defined as the difference between women’s and men’s values. Wage regressions are based on workers continuously
employed in last 4 months in the simulated data. Conditional growth rates control for workers’ prior wages or
amenities, see Appendix Table C4 for details.

nonemployment is related to the composition of nonemployment which includes the unemployed as
well as workers not the in the labor force. In our data, 21% nonemployed men are unemployed while
only 11% of nonemployed women are unemployed. Given the eligibility rules for unemployment
insurance, women are less likely to collect benefits conditional on being nonemployed. Women have
higher separation rates—reflecting their higher job turnover in the data—and a lower bargaining
weight, which is calibrated towards matching the residual gender wage gap in Table 1. While we
don’t take a stand on the sources of the implied lower bargaining weight of women, it is consistent
with discrimination as well as studies that find that women are less aggressive in wage negotiations.
Appendix Table C2 shows that our calibrated model closely matches all the targeted moments.
Model’s Implications for Gender Gaps. We calibrate the model to target the observed gen-
der gaps in wages, transition rates, and employment with gaps defined as the difference between
women’s and men’s values. These targeted statistics are reported in Panel A of Table 7, and the
model matches them exactly by construction. The model also generates implications for gender
gaps that are not targeted and, in some cases, do not have direct empirical counterparts. These
untargeted model-generated gaps are shown in Panel B of Table 7. The model implies an amenity
gap of about 6.3%, which is insufficient to offset the gender wage gap, resulting in a job value
gap of roughly 14%. In equilibrium, women accept lower-productivity jobs when they offer higher
amenities, generating a productivity gap of about 8.5% between men and women. This gap arises

even though men and women are ex ante equally productive, highlighting the role that amenities
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play in the sorting of men and women into differing jobs. Finally, we simulate the model and com-
pute annual wage and amenity growth rates for men and women, conditioning on their positions
on the wage and amenity ladders. Men experience higher wage growth, while women experience
higher amenity growth, in line with the empirical results in Tables 2 and 5.2' This is due to wage
growth on the job arising from outside offers and from switching jobs. Women tend to switch jobs
more often in response to higher offered amenities while men tend to switch jobs in response to
higher wages. We find that amenities partially offset gender differences in both wage levels and
wage growth. However, these offsetting effects are not large enough to eliminate the gender gap in

job values.
5.3 Decomposition of Gender Gaps

Our model can be used to decompose the various gender gaps into their different sources. Specif-
ically, we group parameters into four different contributors and set women’s parameters equal to

men’s progressively: (1) job ladder parameters: reallocation and separation rates (pg, 4) and pa-

n
g7

e
g?

n

rameters that govern job search costs and search behavior (x a5

Ky, g, ag, By, Bg); (2) amenity
preferences: vg; (3) non-market value: bg; (4) bargaining weights: 7.

Table 8 summarizes the decomposition results and shows that different parameters drive to
different gender gaps. Job ladder parameters account for roughly 5% of the gender wage gap,
most of the employment gap, about 13% of the job value gap, and almost 40% of the realized
productivity gap. Amenity preferences play a central role in generating the negative gender wage
gap and the positive gender amenity gap but have little effect on the job value gap. Instead, the
job value gap arises primarily from differences in the value of nonmarket time and in bargaining
weights: women accept jobs that with lower match values and receive a smaller share of that value
due to their weaker bargaining power. If women had a higher value of nonemployment, the gender
employment gap would have been even higher according to our model, because women would be

even pickier in accepting job offers. The opposite holds when we equalize the bargaining shares in

the model. Overall, the counterfactuals reveal the role of the different mechanisms in driving each

213ee Appendix Table C4 for details of these regressions in model simulated data.
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Table 8: Gender Gaps in Wages, Employment, Job Values, Amenities, and Productivity

Wage Gap Empl. Job Value Amenity Realized
(logs) Gap Gap Gap Produc-
(ppts) tivity Gap
Calibrated model -0.205 -0.125 -0.142 0.062 -0.085
Model counterfactuals:
+ Same job ladder parameters -0.195 -0.009 -0.110 0.065 -0.053
-+ Same amenity preferences -0.119 -0.039 -0.122 0.000 -0.030
+ Same non-market value -0.028 -0.272 -0.059 0.005 0.010
+ Same bargaining weights 0.000 0.000 0.000 0.000 0.000

Notes: The table reports gender gaps in wages, employment, job values, amenities, and productivity implied by
the calibrated model. Counterfactual rows cumulatively set women’s parameters equal to men’s; thus the final
row equalizes all parameters. Job ladder parameters include search costs, offer arrival rates, and separation rates.
Appendix Table C3 reports the decomposition, in which one set of parameters is equalized at a time.

gender gap. This is important since different policies are likely to affect the various gender gaps in

different—and potentially opposing—directions.
5.4 Changes in Amenity Provision by Firms

Our baseline model assumes that firms target the average amenity valuation of searchers in the
economy. We next analyze how changes in amenity provision would affect gender differences in
wages. We consider two experiments and report the results in Figure 4. In the first, firms set
amenity levels to target men, as in earlier policies that provided equal but relatively modest parental
leave benefits. In the second, firms choose amenity levels targeting women, for example by offering
more generous family-oriented benefits. The first case where firms target amenities toward men
reduces the gender wage gap but widens the gender employment gap. That is because women’s
reservation wages increase in response to the relatively weaker amenity offerings causing them to
accept higher-productivity jobs. When firms tailor amenities to women, women’s participation rates
rise because lower-productivity jobs become more attractive. The gender wage gap widens through
two channels: higher female participation and a higher provision of amenities, which women value

more.22

22While it is less practically relevant, we also consider a case where firms offer gender-specific amenities in C5.
This case leads to doubling of the gender wage gap without a change in the gender value gap since firms shift their
compensation towards wages for men and towards amenities for women.

31



Figure 4: Changes in Amenity Provision
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Notes: The figures show what happens to economy-wide gender gaps in wages, employment, job values, amenities
and realized productivity in counterfactuals with different targets in amenity production, ¥ (right-hand side), see
Appendix Table C5 for details.

5.5 Application: Rise of Remote Work

A natural application of our framework is the emergence of remote work after the onset of the
COVID pandemic. We analyze the effects of the increased prominence of remote work through
two counterfactual exercises. In the first experiment, the increase in remote work is modeled as
a decline in firms’ cost of providing it by reducing ¢ by 2%. In the second, we model the rise in
remote work as a higher willingness to pay for this amenity for both men and women by increasing
vm and vy each by 2%. Figure 5 shows that the expansion of remote work increases the gender
wage gap while reducing the gender employment gap. That is because women become even more
likely to sort into high-amenity jobs while men are more likely to sort into higher-productivity jobs,
increasing the gender wage gap. At the same time, the higher amenity value lowers reservation
wages for both groups—especially for women—making low-productivity jobs more acceptable and
narrowing the employment gap. Symmetrically, if remote work were to disappear, our model implies
a narrowing of the gender wage gap and a widening of the gender employment gap. While it is still
early to see the effects on the gender wage gap, these implications of the model are consistent with

preliminary evidence on recent widening of the gender wage gap and shrinking of the participation
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Figure 5: Changes in Amenity Production Costs and Preferences
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Notes: The figures show what happens to economy-wide gender gaps in wages, employment, job values, amenities and
realized productivity in counterfactuals with changes in the costs or preferences for amenity provision, see Appendix
Table C5 for details.

gap. According to the Census Bureau, women working full-time year-round made 80.9 cents per
dollar earned by men in 2024 compared to 81.9 cents per dollar in 2019—which was the biggest
gender gap since 2016. At the same time, the participation gap between men and women went

down from 11.5 percentage points in 2019 to 10.5 percentage points in 2024.23

6 Conclusion

Our paper analyzes the gender gaps in various important measures with a special focus on the
gender wage gap for the 2013-2022 period. Our empirical analysis documents several key facts that
challenge the conventional interpretation of the job ladder as being summarized by wages. Most
notably, despite women facing higher separation rates from employment into nonemployment, their
job-to-job transition rates are nearly identical to those of men. Yet, conditional on prior wages,
women experience significantly smaller wage gains. At the same time, women place greater value
on job characteristics such as flexibility, pace, and remote work options.

Motivated by these observations, we develop a multi-dimensional job-ladder model in which jobs

23For comparison purposes, we also consider a 2% increase in aggregate productivity. Table C5 shows that such a
change increases the gender wage gap but reduces the employment gap.
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differ not only in wages but also in nonwage amenities, and in which workers value these attributes
differently by gender. The framework incorporates heterogeneity in separations, in the value of
nonemployment, in amenity valuations, and in bargaining power. By allowing these dimensions
to interact, the model produces rich implications for observed gender gaps in wages, employment,
amenities, productivity, and overall job values. A key contribution of the paper is to show that
gender gaps in job values cannot be fully understood without accounting for the amenity dimension
and the differential trade-off men and women face in their decisions on job search and whether to
accept or reject job offers.

Our decompositions highlight the quantitative importance of these forces. Differences in pref-
erences for nonwage amenities and in the value of nonemployment explain the majority of the
observed gender wage gap. Differences in search behavior and bargaining power play a secondary
role, jointly accounting for roughly one-fifth of the wage gap. Finally, we show that even after
incorporating the value of amenities, there remains a substantial gender gap in true job values—
about half the size of the wage gap—suggesting that amenities do not fully compensate for wage
differentials.

Differences in preferences for amenities by gender are supported by both our analysis of the SCE
data as well as by various studies in the literature that use stated-preferences to elicit information
about willingness to pay. While this is a reduced form way to capture the role of differences
in choices made by men and women in their job search, it should not be interpreted as ruling
out an important role for social norms and institutional frictions surrounding childcare and other
household responsibilities. On the contrary, such norms and frictions are likely to shape both
the constraints individuals face and the choices they make when searching for jobs and moving
between employers. To shed light on this issue, we also provide analyses that control for marital
status and the presence of children in the household. These controls have only a limited effect
on our estimates, suggesting that the observed patterns are not driven solely by contemporaneous
household circumstances. Rather, they are consistent with search and acceptance decisions that
may reflect past and anticipated future constraints, expectations about family responsibilities, and

the broader social norms that structure labor market opportunities for women.
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Our framework is also useful for analyzing how changes in the amenity component of jobs shape
gender differences. The rise of remote work is a salient example. An increase in the value of remote
work, or a decline in firms’ cost of supplying it, improves women’s relative employment rates but
widens the gender wage gap because men and women differ in their marginal willingness to trade
wage compensation for amenities. These results emphasize that focusing only on the gender wage

gap provides an incomplete picture of men’s and women’s labor market differences.
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APPENDIX

A Additional Empirical Results

A.1 Gender Differences in Pay and Pay Growth

Table Al: Gender Wage Gap in Current Hourly Wage in the CPS

All workers Workers
w/o
Children
1) ) G) ) 5)
Dependent variable: log real hourly wage
Female coefficient —0.179 —0.224 —0.161 —0.159 —0.145
(0.001) (0.001) (0.001) (0.001) (0.001)
R? 0.048 0.296 0.429 0.431 0.402
N 1,191,509 697,041
Dependent variable: log real weekly earnings
Female coefficient —0.302 —0.351 —0.245 —0.243 —0.204
(0.001) (0.001) (0.001) (0.001) (0.002)
R? 0.059 0.259 0.399 0.400 0.370
N 1,191,509 697,041
Dependent variable: log real hourly wage (HH heads)
Female coefficient —0.297 —0.276 —0.193 —0.187
(0.002) (0.002) (0.002) (0.002)
R? 0.084 0.330 0.457 0.457
N 482,608
Dependent variable: log real weekly earnings (HH heads)
Female coefficient —0.445 —0.426 —0.296 —0.293
(0.002) (0.002) (0.002) (0.002)
R? 0.105 0.301 0.432 0.432
N 482,608
Year, state controls Yes Yes Yes Yes Yes
Age, education, race controls Yes Yes Yes Yes
Occupation controls Yes Yes Yes
HH composition controls Yes

Notes: Table reports the coefficient estimates on a female dummy in separate regressions that include the controls
indicated within each column. The dependent variable is the log real hourly wage or log real weekly earnings and
the sample is all employed individuals, excluding the self-employed, in the October 2013-22 waves of the SCE Job
Search Supplement aged 25 to 64 for the SCE results. The CPS results use the listed restrictions over all individuals
aged 25 to 64 in the Outgoing Rotation Groups between July 2013 and December 2022. Robust standard errors are
in parentheses.



Table A2: Gender Gaps in Pay Growth for Recent Hires

Dependent variable Change in log real hourly wage  Change in log real weekly earnings

(1) (2) (1) (2)

Pay Growth, Recent Hires

Female coefficient 0.003 —0.058 0.003 —0.084
x recent hire (0.007) (0.006) (0.012) (0.010)
Recent hire coefficient 0.008 0.018 0.014 0.029
(0.007) (0.006) (0.008) (0.007)
R? 0.007 0.345 0.006 0.303
N 371,179
Pay Growth, Recent Hires, Occupation-Restricted Sample
Female coefficient 0.026 —0.052 0.005 —0.097
X recent hire (0.016) (0.013) (0.018) (0.015)
Recent hire coefficient —0.009 0.013 —0.000 0.024
(0.011) (0.009) (0.011) (0.012)
R? 0.007 0.331 0.007 0.287
N 180,175
Month, state controls Yes Yes Yes Yes
Age, education, race controls Yes Yes Yes Yes
Occupation controls Yes Yes Yes Yes
(log) year-ago hourly wage Yes
(log) year-ago weekly earnings Yes

Notes: Table reports the coefficient estimates from regressing the log year-over-year change in either the hourly wage
or weekly earnings on a female dummy interacted with a dummy for whether the individual was a recent hire in
separate regressions that include the controls indicated within each column plus a separate dummy for whether the
worker was a recent hire. The sample used is all individuals employed in the current month and one year ago in the
final Outgoing Rotation Group of the CPS sample (top panel), or the same sample further restricted to those who
report the same occupation in their fourth and fifth CPS interviews (i.e., one year ago and four months ago). A recent
hire is defined as someone who reported a job change within the prior three months and was employed continuously
during that time. Robust standard errors are in parentheses.



Table A3: Gender Gaps in Pay Growth: All Workers vs. Workers without Children

All All w/o Children
(1) (2) (1) (2)

Dependent variable: Change in log real hourly wage

Female coefficient 0.002 —0.110 —0.000 —0.102
(0.002) (0.002) (0.003) (0.002)
R? 0.007 0.350 0.010 0.353
Dependent variable: Change in log real weekly earnings
Female coefficient 0.005 —0.141 0.000 —0.122
(0.002) (0.002) (0.003) (0.003)
R? 0.006 0.311 0.009 0.310
N 371,179 214,310
Month, state controls Yes Yes Yes Yes
Age, education, race controls Yes Yes Yes Yes
Occupation controls Yes Yes Yes Yes
Year-ago (log) hourly wage Yes Yes

Notes: Table reports the estimates from regressing the log year-over-year change in the hourly wage or weekly
earnings on a female dummy in separate regressions that include the controls indicated within each column. The
samples used are all individuals employed in the current month and one year ago in the final outgoing rotation group
of the CPS sample, either with children present in the household (first two columns), or without children present
(last two columns). Robust standard errors are in parentheses.



A.2 Gender Differences in Labor Market Transitions

Table A4: Gender Differences in Job-to-Job Transitions

CPS Data SCE Data SIPP Data
Dependent variable: E-to-E transition rate
Female coefficient 0.0004 0.0052 —0.0008
(0.0002) (0.0041) (0.0002)
R? 0.003 0.042 0.002
N 2,926,386 6,161 2,823,691

Notes: The table reports the coefficient estimates on a female dummy in separate regressions. The dependent variable
is the job-to-job transition rate in the CPS and SIPP data, and the fraction of employed who accepted an offer in
the last 4 weeks, excluding acceptances of secondary jobs. All regressions control for time period (month or year),
state, age, education, race, and detailed occupation. The samples are all employed in the prior month in the CPS
sample, the SCE Job Search Supplement sample, or among those aged 25 to 64 between 1995 and 2012 in the SIPP
data. Robust standard errors are in parentheses.



Table A5: Gender Differences in Worker Transitions

All Individuals All w/o
Children
) @) G (4)
Dependent variable: E-to-E transition rate
Female coefficient —0.00019 0.00036 0.00026 0.00014
(0.00016) (0.00019) (0.00019) (0.00025)
R? 0.0003 0.003 0.003 0.003
Dependent variable: E-to-Full-Time E transition rate
Female coefficient —0.0026 —0.0013 —0.0014 —0.0009
(0.0001) (0.0002) (0.0002) (0.0002)
R? 0.0004 0.002 0.002 0.002
Dependent variable: E-to-Part-Time E transition rate
Female coefficient 0.0024 0.0017 0.0016 0.0010
(0.0001) (0.0001) (0.0001) (0.0001)
R? 0.001 0.005 0.005 0.005
N 2,926,386 1,699,976
Dependent variable: E-to-N transition rate
Female coefficient 0.0089 0.0108 0.0106 0.0056
(0.0002) (0.0002) (0.0002) (0.0003)
R? 0.006 0.016 0.016 0.015
N 3,291,209 1,919,935
Dependent variable: N-to-E transition rate
Female coefficient —0.0322 —0.0387 —0.0375 —0.0183
(0.0005) (0.0005) (0.0005) (0.0006)
R? 0.007 0.022 0.023 0.026
N 1,256,312 825,337
Time period, state controls Yes Yes Yes Yes
Age, education, race controls Yes Yes Yes
Occupation controls Yes Yes Yes
Household controls Yes

Notes: The table reports the coefficient estimates from regressing the listed worker transition rate on a female
dummy in separate regressions that include the controls indicated within each column, with the exception of the
nonemployment-to-employment transition rates, which do not control for occupation (since the variable is unavailable
for some workers in both months). Household controls include the number of children under 6, the number of children
6 to 17, and marital status. Regressions use all individuals in our CPS sample, or all those without household children
(last column), restricted to those employed or nonemployed, as noted in the table. Robust standard errors are in
parentheses.



A.3 Gender Differences in Job Search Behavior and Outcomes

Table A6: Incidence of Job Search by Gender and Employment Status

Employed Nonemployed
Men Women Men ‘Women
Pct. actively looking for work 19.2 25.2 21.5 24.2
(0.7) (0.8) (1.5) (1.4)
Pct. looking only for part-time 17.9 25.6 22.3 35.6
work, conditional on search (1.5) (1.6) (3.3) (3.1)
Pct. looking only for additional 24.2 38.4 — —
work, conditional on search (1.7) (1.8)
N 3,185 3,095 716 942

Notes: Estimates come from authors’ tabulations from their SCE Job Search Supplement sample. Employment status
is defined as at the time of the survey interview. Standard errors are in parentheses.

Table A7: Search Effort and Outcomes by Gender, Controlling for Observables

Female — Male Gap, E Female — Male Gap, NE
Uncond. w/ Controls Uncond. w/ Controls
Search Effort
Applications sent in 0.241 0.123 0.625 —0.015
last four weeks (0.121) (0.132) (0.223) (0.242)
Hours spent searching in 0.339 0.163 0.036 —0.243
last seven days (0.113) (0.121) (0.200) (0.221)
Search Outcomes
Fraction w/ an unsolicited offer —0.002 0.003 —0.018 —0.018
in last four weeks (0.004) (0.004) (0.007) (0.008)
Fraction w/ any offer in 0.017 0.014 0.012 0.002
last four weeks (0.009) (0.010) (0.016) (0.018)

Notes: Estimates are for all individuals in the SCE Job Search Supplement sample (N = 7,937). Controls for the
conditional gender gaps include state, year, age, education, race, and 3-digit occupation fixed effects. Robust standard
errors are in parentheses.



A.4 Gender Differences in Job Amenity Preferences

Table A8: Gender Gaps in Reservation Wages, Desired Hours, and Disamenity Valuations

All Individuals All w/o Children
Gaps in Reservation Wages and Desired Work Hours

log real hourly reservation wage —0.218 —0.182
(0.014) (0.017)
log desired work hours —0.099 —0.101
(0.016) (0.020)
Gap in Percentages who Refuse the Disamenity
Percent that would not 10.92 10.95
relocate at any wage (1.40) (1.76)
Percent that would not double 10.86 12.55
commute at any wage (1.84) (1.70)
Percent that would not increase 6.30 5.07
hours 10% at any wage (1.17) (1.47)
N 5,862 3,541

Notes: Estimates are from individuals who either looked for work or stated they might take a job if offered, using
the SCE Job Search Supplement sample. Controls include state, year, age, race, education, three-digit occupation of
the current or most recent job, and employment status. Standard errors are in parentheses.



Table A9: Wages, Job Characteristics, and Job Satisfaction by Gender and Children

Men Women Men Women
All w/o Children
Dependent variable: Overall Job Satisfaction (1—5 Scale)
log real hourly wage 0.272 0.141 0.294 0.165
(.039) (.043) (.052) (.055)
log usual work hours —0.003 —0.226 —0.061 —0.298
(.071) (.063) (.068) (.071)
Any quality-of-life or childcare benefits 0.065 0.255 0.053 0.244
(.048) (.055) (.068) (.071)
Commute time —0.021 —0.010 —0.014 —0.020
(.007) (.008) (.010) (.010)
Any health, dental, or life benefits 0.044 0.049 0.055 0.190
(.072) (.069) (.099) (.094)
Any retirement or equity benefits 0.190 0.168 0.193 0.227
(.063) (.061) (.087) (.082)
R? 0.141 0.116 0.203 0.186
Month, state controls Yes Yes Yes Yes
Age, education, race controls Yes Yes Yes Yes
Occupation controls Yes Yes Yes Yes
N 2,755 2,708 1,595 1,617

Notes: The table reports coefficient estimates from regression a self-reported measure of job satisfaction (measured
on a one to five scale) on the listed regressors in separate regressions by gender and the presence of children in the
household. All regressions control for year, state, age, education, race, and three-digit occupation. We use the square
root of commute time. The sample is all employed individuals in the SCE Job Supplement sample from 2014 forward
(the first year the job satisfaction data are available). Robust standard errors in parentheses.



A.5 Gender Differences in Job Amenity Realizations

Table A10: Relationships between Occupational Wages, Amenities, and Female Share

Raw Measures

Residualized Measures

(1) (2) 3) (1) (2) (3)
Dependent variable: Occupation’s Female Share
Mean log occupation hourly —0.085 —0.454 —0.554 —0.762
wage (0.082) (0.095) (0.123) (0.115)
Occupation amenity index 1.164 2.714 1.277 2.312
value (0.392) (0.478) (0.515) (0.448)
R? 0.013 0.095 0.289 0.194 0.068 0.390

Notes: The table reports the OLS coefficient estimates from regressing the share female on either the mean log hourly
wage or the amenity index across 3-digit occupations (N = 86). The first two columns report the OLS estimates using
the raw wage and amenity index estimates. The last two columns report the OLS estimates using wage and amenity
index estimates that are residualized by controlling for month, state, age, education, and race and aggregated by

occupation. Regressions are weighted by occupation employment. Robust standard errors in parentheses.



Table A11: Estimated Gender Gaps in Job Amenity and Wage Changes at the Occupation Level

Dependent variable: Change in Amenity Index Change in Occupation log Wage
(1) (2) (1) (2)
Amenity Changes and Wage Growth, w/o Children

Female coefficient —0.0001 0.0059 0.002 —0.041
(0.0015) (0.0026) (0.012) (0.018)
R? 0.001 0.151 0.005 0.192
N 214,254 202,316
Month, state controls Yes Yes Yes Yes
Age, education, race controls Yes Yes Yes Yes
Year-ago amenity index Yes
(log) year-ago occupation wage Yes

Notes: Table reports the coefficient estimates from the regression of the listed dependent variable on a female dummy
and the listed controls. See Appendix B for details of the amenity index’s construction. The sample used is all
individuals employed with positive hours and earnings in both the current month and one year ago in the CPS
sample, excluding those with children in the household. Standard errors are clustered by 4-digit Census occupation

and in parentheses.
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B Construction of the Amenity Index

This section describes how we construct our amenity index. The index is a willingness-to-pay
weighted average of seven measures we choose based on the nonmonetary job characteristics from
the survey administered by Maestas et al. (2023). We derive estimates of these job amenities by
detailed occupation, aggregate them into a single amenity index, then match the index to employed
individuals in the CPS.

The index is based on measures of job amenities from three publicly available sources. We
derive measures of required physical activity and the pace of work from O*NET occupational data
on Work Context. We use the 2017-18 Leave Module of the American Time Use Survey (ATUS)
for work schedule flexibility. Finally, we rely on the classification in Dingel & Neiman (2020) for
measures of teleworkability at the occupational level.

We generate three variables from O*NET files on Work Context: a variable on the physical
activity required, a variable on the time spent sitting, and a variable on the overall pace of work.
The variables are derived from the Work Context score of reported job activities. For physical
activity, we use the scores for time spent standing and time spent bending or twisting; for sitting,
we use the score for time spent sitting; and for pace of work, we use the scores for time pressure and
how much the pace is determined by the speed of equipment. The Work Context data scores each of
these measures on a one to five scale, which we normalize to lie in [0, 1]. We reverse the values of the
scores used for physical activity and pace of work and take their simple average, so a value of one
represents little to no physical activity and the most relaxed pace of work, respectively. Finally, we
aggregate estimates of the detailed SOC codes in the O*NET data to their corresponding Census
occupation code used in the CPS, weighting the SOC codes by their 2019 employment from the
Occupational Employment and Wage Statistics survey. We then standardize the amenity measures
so that they range from zero to one for the aggregated occupations, and then match them to CPS
respondents based on the Census code-SOC code correspondence of their occupation. Following
Maestas et al. (2023), we assign weights of 0.075 to both moderate physical activity and sitting,
and 0.04 to relaxed pace in the construction of our index. These weights imply that moving from
the most physically demanding job to the least physically demanding job is equivalent to a 7.5%
increase in wages.

We generate three variables from the ATUS Leave Module capturing flexibility. The Leave
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Module surveys employed respondents from the 2017 and 2018 ATUS waves about various aspects
of the leave and schedule flexibility of their job. Our three measures gauge the degree of schedule
flexibility the respondent has. The first is a general measure of flexibility based on three related
survey questions. If they respond ‘no’ to, “Do you have flexible work hours that allow you to vary
or make changes in the times you begin and end work?” we assign them a value of zero. Otherwise,
we use their response to “Can you change the time you begin and end work on a frequent basis,
occasionally, or only rarely?” 1If they can only rarely change it, we assign them a value of 0.25, and
if they can occasionally change it, we assign them a value of 0.5. If they can frequently change it
and respond to a third follow-up question that their flexibility is “just an informal arrangement,”
we assign them a value of 0.75, and if they respond to the same question that their flexibility is
“part of a formal, written program or policy,” we assign them a value of one. The second question
measures their flexibility in response to the question of “How far in advance do you know your
work schedule?” There are five survey responses ranging from “less than one week” to “four weeks

or more,”

which we assign values between zero and one at 0.25 intervals. Our final measure of
flexibility uses the number of days per week the respondent works, where we assign fewer than 3
days a week a value of one, and 6 or 7 days a week a value of zero, and the remaining number of
days a value in between at 0.25 intervals. We then take the (survey-weighted) average values of
these three measures by Census occupation code and match them to CPS respondents by the same
occupation codes. In doing so, we group Census occupation codes to their corresponding three-digit
SOC (or two-digit SOC for several small occupations) and then match them to the ATUS amenity
variables. We do this because of sparse cells for occupation codes in the ATUS Leave Module.?
The weights we assign to these amenities are 0.03 for each flexibility measure.

Finally, we use a measure of each occupation’s telecommutability derived by Dingel & Neiman
(2020) and made publicly available by the authors. They construct estimates of telecommutability
over [0, 1] for detailed SOC occupation codes. We use the same correspondence between these codes
and the Census occupation codes as before, aggregating SOC codes as necessary, to match their
values to CPS respondents by detailed occupation. We use a weight of 0.07 for teleworkability
following Barrero et al. (2021).

Once we have all amenity measures matched to each CPS respondent, we construct our amenity

2The two digit SOC groupings are for SOC 31 (healthcare support) and 45 (farming, fishing, and forestry). We
also aggregate SOCs 394, 396, 397, 399 (all within personal care services) into a single group.
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Table B1: Rankings of Occupation by Amenity Index Value

Rank Score SOC Occupation Title Rank Score SOC Occupation Title
1 0.294 152  Mathematicians & 72 0.097 511  Production Worker
Scientists Supervisors
2 0.289 193 Social Scientists 73 0.095 351 Food-Prep & Service
Supervisors
3 0.285 151 Computer Occupations 74 0.093 515  Printing Workers
4 0.284 232 Legal Support Workers 75 0.093 353  Food & Beverage
Servers
5 0.280 231  Lawyers & Judges 76 0.092 372  Building Cleaners &
Pest Control
6 0.279 436  Secretaries & Admin. 77 0.091 359  Other Food Prep &
Assistants Service-Related Workers
7 0.277 439  Other Office & Admin. 78 0.087 493  Vehicle Mechanics &
Support Repairers
8 0.274 112 Marketing & Sales 79 0.086 475  Extraction Workers
Managers
9 0.272 212 Religious Workers 80 0.083 514  Metal & Plastic Workers
10 0.272 132  Financial Specialists 81 0.080 373  Grounds Maintenance
11 0.269 431 Office & Admin. 82 0.079 517  Woodworkers
Supervisors
12 0.264 171 Architects, Surveyors, 83 0.079 352 Cooks & Food Preparers
Cartographers
13 0.263 131 Business Operations 84 0.071 472 Construction Trade
Specialists ‘Workers
14 0.259 113 Operations Specialist 85 0.063 513 Food Processing
Managers
15 0.258 433  Financial Clerks 86 0.062 473 Construction Trade
Helpers

Notes: The table reports the ranking of 3-digit SOC occupations by their amenity index score. The top fifteen and
bottom fifteen occupations are listed.

index as the willingness-to-pay weighted average of these seven measures informed by Maestas et al.
(2023) and Barrero et al. (2021).

Table B1 reports the top fifteen and bottom fifteen occupations ranked by our amenity index
measure (with occupations aggregated by three-digit SOC). As one might expect, occupations with
the highest amenity scores tend to be professional occupations that tend to require advanced degrees
and more specialized skills, and occupations that are primarily in an office setting. Occupations
with the lowest amenity scores tend to be jobs that require less education and tend to require a
fair degree of manual labor and/or a high degree of physical activity.

Table B2 reports the gender gaps for the seven components of our amenity index, as well as for
the index itself. Overall, we find that the gender amenity gap is about 1.7% in favor of women, in

willingness-to-pay terms. The occupational characteristics that are the main contributors to this
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Table B2: Gender Gaps in Job Amenities, in Levels: Amenity Index Components

Amenity Telework- Moderate Phys. Amount Spent

Dependent Variable: Index ability Activity Sitting
Female 0.017 0.095 0.024 0.029

(0.006) (0.041) (0.024) (0.025)
R? 0.204 0.166 0.159

Relazed Pace General Job Flexible Work Flexible

Dependent Variable: of Work Flexibility Schedule Workdays
Female 0.072 —0.011 0.053 0.056

(0.010) (0.018) (0.012) (0.009)
R? 0.175 0.108 0.177 0.086

Notes: Data from the CPS sample of all employed workers, excluding the self-employed (N = 1,191,311). All regressions
include controls for state, month, age, race, and education. Standard errors are clustered by three-digit SOC occupation.

gap are telecommutability, a relaxed work pace, a flexible work schedule, and flexible workdays.
The physical demands of an occupation contribute positively but insignificantly, while our general
measure of job flexibility has a negative but statistically insignificant gender gap.

Figure B1 shows the relationship between the amenity index and the mean log real hourly wage
across three-digit occupations. The left panel shows the unconditional relation and the right panel
shows the relation where we control for worker composition by residualizing both measures with
controls for month, state, age, education, and race. There is a strong, positive relationship between

job amenities and occupational wages that persists even after controlling for worker composition.
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Figure B1: Occupation-Level Relation between Amenities and Wages

(a) Unconditional Relation (b) Residualized Measures

4 | Slope (s.e.) = 1.31 (0.33) P
Slope (s.e.) = 3.41 (0.40) ° [ )

Mean Real Log Hourly Wage
Mean Real Log Hourly Wage

T T
.05 A 15 2 .25 3 -15 -1 -.05 0 .05 A
Amenity Index Amenity Index

Notes: The figure reports the occupation-level relationships between our amenity index score and mean (log) real
hourly wages by three-digit SOC occupation. Occupation estimates are aggregated across all employed in the Outgoing
Rotation Group of our CPS sample. The left panel reports the relationship unconditionally, while the right panel
reports the relationship after residualizing each measure using controls for month, state, age, education, and race.
Reported trendlines weight occupations by their CPS employment share. See text for details of the amenity index’s
construction.

15



C Model Appendix

In this Appendix, we describe all the details of the model and its calibration in more detail. For

completeness, the Appendix will repeat some of the information in the main text.

C.1 Targeted Moments

Our calibration targets moments on wages, search behavior, search outcomes, worker transitions
and employment from both the CPS and SCE data. Prior to the calibration, we rescale several of
our moments to ensure consistency in the data moments across the two surveys. In both cases, we
focus on the same sample of individuals—all age 25 to 64, excluding the self-employed. The SCE
moments are the pooled means over the 2013-22 surveys, while the CPS moments are the pooled
means over July 2013 to December 2022.

For the SCE moments, we first restrict our attention to search behavior that excludes search
for additional work only (i.e., we only focus on individuals looking for new jobs), and we include
unrealized offers as part of the offer rate. These are offers that the respondent rejected before they
could be made formally. The moments we obtain from the SCE, subject to these restrictions, are
search effort (measured as the number of applications sent in the last four weeks), the unsolicited
offer arrival rate (measured as the fraction of individuals who received an unsolicited offer in the

last four weeks), the total offer arrival rate (measured as the fraction of individuals with any offer,

Table C1: SCE Job Search Moments (Prior to Rescaling)

Employed Nonemployed
Men Women Men Women
Applications sent 0.66 0.73 1.65 2.28
in last four weeks (0.06) (0.06) (0.24) (0.24)
Fraction with an offer 0.112 0.114 0.121 0.134
in last four weeks (0.006)  (0.006) (0.012) (0.012)
Fraction with an unsolicited offer ~ 0.023 0.021 0.034 0.015
in last four weeks (0.003)  (0.003)  (0.007)  (0.004)
Fraction of offers accepted 0.262 0.391 0.322 0.512
in last four weeks (0.034)  (0.033)  (0.059)  (0.052)
Fraction of offers undecided 0.268 0.185 0.346 0.270
upon in last four weeks (0.034)  (0.026)  (0.060)  (0.047)
N 3,196 3,155 705 882

Notes: Estimates come from authors’ tabulations from the SCE Job Search Supplement sample. All estimates
exclude search that is only for an additional job. Offers include unrealized offers that were rejected before they
could be made formally. Standard errors are in parentheses.

16



Table C2: Targeted Moments in the Calibration

Data Model
Moment Symbol Men Women Men Women
Applications sent by nonemployed, SCE Sq 1.653  2.279  1.652  2.269
Applications sent by employed, SCE Sq 0.664  0.728 0.664  0.730
(Total) offer rate, nonemployed, SCE (rescaled) Oy 0.176  0.138 0.175  0.137
(Total) offer rate, employed, SCE (rescaled) Oy 0.097 0.081  0.097 0.081
Unsolicited offer rate, nonemployed, SCE (rescaled) uoy 0.049 0.016 0.049 0.016
Unsolicited offer rate, employed, SCE (rescaled) uoj, 0.020 0.015 0.020 0.014
Offer acceptance rate, nonemployed, SCE (rescaled) Ay 0.717  0.668 0.720 0.673
Offer acceptance rate, employed, SCE (rescaled) Af 0.346  0.344 0.349 0.344
Residual hourly log(wage) gap, SCE Wy, — Wy 0.205 0.205
Employment inflow rate, CPS neeg 0.104  0.072 0.105  0.073
Employment outflow rate, CPS eneg 0.026  0.035 0.026  0.035
Job-to-job transition rate, CPS eeqy 0.018 0.018 0.018 0.018
Nonemployment rate, CPS (flow steady state) ng 0.200 0.325 0.200 0.325

included unrealized offers, in the last four weeks), and the offer acceptance rate (measured as the
fraction of total offers accepted in the last four weeks plus half of the fraction of total offers that
are still undecided upon).

For the CPS moments, we take the mean employment inflow and outflow rates directly from
the data. The inflow rate is the fraction of nonemployed to transition to employment, while the
outflow rate is the fraction of employed who transition to nonemployment. We also take the job-to-
job transition rate directly from the CPS data. We rescale the nonemployment rate to be consistent
with its steady-state flow balance equation—i.e., it is the nonemployment rate that is consistent
with our inflow and outflow rate moments.

Finally, we rescale the SCE offer and acceptance rates to be consistent with the CPS transition
rates. Denote the (total) offer rate for gender ¢g in employment state j from the SCE as OZ’SCE

§,SCE
Ag

and the offer acceptance rate for the same group as . Then, the gender-specific employment

inflow rate and job-to-job transition rate implied from the SCE data are

SCE 4n,SCE _ . __SCE
Oy Ay = nee, ",
e,SCE pe,SCE _ | _SCE

Oy Ay =ee, ",

where neefCE i

is the implied employment inflow rate and ee*gCE i

is the implied job-to-job transition
rate. Let nee, is the implied employment inflow rate and ee; denote the corresponding moments

in the CPS (which are the values we use in the calibration). Then, our scaling factors for the
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nonemployed and employed are, respectively,

n neeg 05 e eeg 05
Tg = SCE ; and zg = SCE :
neeg eeg

We rescale the SCE total offer rates, unsolicited offer rates, and offer acceptance rate by the
appropriate factor, which ensures that our search-related moments from the SCE and stock and
flow moments from the CPS are consistent with each other. Table C1 reports the relevant SCE

moments prior to rescaling, while Table C2 reports the (rescaled) moments used in the calibration.

C.2 Solving the model

We follow the same strategy as in Faberman et al. (2022) to solve the model. The main complication
in the present paper is that match output is defined differently, which involves some additional
integration. As shown in the main paper, we can solve the model for any distribution of match
output w. In what follows, we describe how we compute the distribution of w from the underlying

primitive distributions of output y and amenities a.

C.2.1 Integration of CDF of y and a(()

As described in the main part of the paper, our baseline model assumes that firms optimize amenity

production at the match level by targeting a reference level, v, of amenity valuations:

a(() = arg max {v(a—a)—Ch(a)}, (C1)

where a is a reference level of the amenity, h(a) a convex cost function, and ¢ a firm level cost

shifter. For h(a) = 0.5a%, we get a(¢) = %

We have defined the total match value, including the amenity production, as follows:
w = py+vy(a(C) —a)—¢hla(C)) (C2)
which is %(Vg — 17) — v4a under the assumption that h(a) = 0.5a. Therefore, we can re-write the
match value as

w = py-+Pec— vya, (C3)
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where ¢ = % and 7y, = v(vy — 7). Note that if vy, = 7 = 1, then 7, = 5. The latter adjusts the
valuation of the amenity at the match level by the production cost, which is exactly half of the
amenity value.

Given these assumptions, we can write the distribution function F,(w) as:

R = [5(“TEE ar )

p
= /Fy((w +yga)pt — KgC)dF,(c) (C4)
dF,(w) = ]13 / dF, (w0 + vga)p™" — kye)dEL(c), (C5)

where 1y = %". The problem with this general form of the distribution function of the flow values
is that it is computationally difficult to implement. To circumvent this issue, we assume a uniform

distribution of ¢ on interval ¢; to ¢,. Then:

1 Cv N
Fy(w) = . —CZ/ Fy((w+vga)p™" — kgc)de (C6)
v q
1 v N
dFy(w) = p(cv—cl)/cl dFy((w+vg4a)p 1—/@gc)dc

_ Fy(w+ vea)p~" = kgcr) — Fy((w + vya)p™" = rgcy)
- (e - 1) ‘ 0

The latter can be computed very easily. For the CDF, however, it’s more complicated.

Fy(w) = /w Fy((x + Vga)p—l — ’k&gcl) — Fy((x + Vg&)p_l - /‘Cgcv)dx
! ”gp(cv —q)

= e | Bl @ —ra) = (vl wgelds. (C)

Using variable substitution and integration by parts, we get:

J9 1E (@ +vga)p™ — kgar) — Fy((z + vga)p™! — wgey)ldz
(wtvga)p~! —kger
- s/ Fy(e)ds
(

wtrga)p~l—kKgcy

= (w+vya—prga)Fy((w+v,a)p™t — kycr)

—(w+ vga — prgey) Fy((w + vga)p™ — Kgey)

(wHvgad)p~t—rKgey
p / 2dF, (x). (C9)
(

a)p—1
wHvga)p~l—kgcy
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and thus:

(w+ vya — prgcy) N
Fy(w) = ﬂgp?cv — cl)g Fy((w +vga)p™ — kgar)

(W vya — prycy) o
- g I Fy((w+vga)p l_ﬁgcv)

"égp(cv - Cl)
. (g —rger
—/ 2dF,(z).
Hg(cv —q) (wtvga)p~t—kgcy

Let’s assume now that the distribution of y is normal with mean p, and oy, then:

“_lu dFy(u) y - O_QdFy(w—v)—dFy(w—l)
/w—v Fy(W—Z)_Fy(W_U)d - oy Fy(w—=1) — Fy(w —v)

and thus
(w+ vya — prycy) o
Fy(w) = Hpé(yc —cl)g Fy((w +vga)p™ — kgar)
g v
(W~ vga — prgcy) o
K pg(c —013] - Fy((w +vga)p ! — KgCy)
gP\Cv
K N — N\
_ry—cl)<Fy((w +ga)p”! — kger) = Fy((w + vga)p™" — kgcy))
g\Cv
% - , -
_;@iQQWMW+%®p — kgy)) — Fy((w+ vga)p™" — Kgar)),
g (Y
and thus
W+ Vg — pRgCl — UyP o
Fylw) = ( . g =Py )Fy((w—i—yga)p )

kgp(co — 1)
(w4 v4a — prygCy — yp) o
- F,((w+vya D — K.C
ng(cv — CZ) y(( g ) g v)
2
Yy o No—1 _ IR .
/‘/ig(CqJ —Cl)( y((w+yga)p H!]CU)) y((W+Vga)p HgCl))

g

To sum up, the PDF and CDF of w are:

Fy((w+ vga)p™t + ke — Kgar) — Fy((w + v4a)p™t + ke — Kgey)
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C.3 Additional Results

Table C3: Gender Gaps in Wages, Employment, Job Values, Amenities, and Productivity (Not

Cumulative)
Wage Empl. Job Value Amenity Realized
Gap Gap Gap Gap Produc-
(logs) (ppts) tivity
Gap
Calibrated model -0.205 -0.125 -0.142 0.063 -0.085
Model counterfactuals:
- Same job ladder parameters -0.195 -0.009 -0.110 0.065 -0.053
- Same amenity preferences -0.125 -0.169 -0.152 -0.002 -0.060
- Same non-market value -0.100 -0.377 -0.072 0.071 -0.044
- Same bargaining weights -0.154 0.068 -0.066 0.056 -0.085

Notes: The table reports gender gaps in wages, employment, job values, amenities, and productivity implied by
the calibrated model. Counterfactual rows set women’s parameters equal to men’s (not cumulatively). Job ladder
parameters include search costs, offer arrival rates, and separation rates.

Table C4: The Gender Gaps in Earnings and Amenity Growth in the Model

A Log(Wage) A Amenity Value
Female 0.029 -0.146 0.002 0.021
Constant 0.039 0.272 0.004 0.084
Log(Wage) from 12 months ago X X

Notes: The table reports the estimates of the gender gaps in earnings and amenity growth in simulated data from
the model. The table plots the average regression coefficients of 900 simulations each with 100,000 individuals.
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Table C5: Model Counterfactuals

Panel A. Changes in Amenity Production, Amenity Preferences and Productivity

Baseline Al = 2% Avy, = Avy =2% Ap=2%
Wage gap (logs) -0.205 -0.226 -0.227 -0.222
Employment gap -0.125 -0.109 -0.114 -0.100
Job value gap -0.142 -0.142 -0.140 -0.148
Job amenity gap 0.062 0.066 0.069 0.061
Realized productivity gap -0.085 -0.087 -0.088 -0.085

Panel B. Changes in Nature of Amenity Production

Baseline V=1V, v=v; Uv=uy,
Wage gap (logs) -0.205 -0.164 -0.256 -0.396
Employment gap -0.125 -0.149 -0.103 -0.122
Job value gap -0.142 -0.146 -0.137 -0.142
Job amenity gap 0.062 0.047 0.078 0.233
Realized productivity gap -0.085 -0.080 -0.091 -0.085

Notes: Each panel reports model-implied gender gaps and transition rates under alternative counterfactuals.
All entries are in levels or log points, as indicated.
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