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Abstract

I analyze individual preferences for workplace gender composition and their con-

sequences for occupational segregation. To elicit these preferences, I survey 9,000 US

adults using a hypothetical job choice experiment. This reveals that on average women

and men value gender diversity, but these average preferences mask substantial het-

erogeneity. Older women, unmarried men, and people with more progressive gender

views are more likely to prefer more female workplaces. Using these results, I estimate

a structural model of occupation choice. I find that workers’ composition preferences

are not large enough to create tipping points, but they reduce female employment in

male-dominated occupations substantially.
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1 Introduction

Although women’s labor market outcomes have improved markedly relative to men’s in

the last several decades, women and men still do very different jobs. In fact, 40% of men

perform occupations where less than 20% of workers are female, 30% of women perform

occupations where less than 20% of workers are male, and gender sorting across occupations

explains around one-third of the mean gender earnings gap.1 The causes and consequences of

occupational gender segregation have long been an active area of research.2 But one question

that has received relatively little attention is whether workers actually care about gender

segregation itself. That is, do they like being in segregated occupations and workplaces? Or

do they prefer gender diversity?

Occupational gender segregation is often viewed as inherently harmful, but knowing its

true welfare consequences requires understanding worker preferences for gender composition.

Segregation resulting from discrimination certainly decreases aggregate productivity and

welfare (Hsieh et al., 2018). But knowing whether gender segregation itself decreases welfare

requires knowing what occupational gender composition workers want, and how much they

value it. Even if policy to reduce segregation is inherently desirable, it may have limited

effectiveness if workers prefer gender homophily. Pan (2015) shows that preferences for

gender homophily can create tipping points where occupations rapidly shift from gender-

mixed to majority female. If this is the case, policies intended to reduce segregation might

have limited long-term effects—preferences for homophily will pull us back to segregation.

There is some evidence that women prefer gender homophily (Larson-Koester, 2017; Wiswall

and Zafar, 2018; Delfino, 2024), but we don’t know what these preferences look like across

the entire spectrum of gender composition or whether they can explain aggregate patterns

of segregation.

In this paper, I causally identify how much men and women value the gender compo-

sition of their workplace and quantify the importance of these preferences for occupational

gender segregation and welfare. Using a novel online survey experiment, I demonstrate that

women and men prefer gender-diverse workplaces and occupations on average, but this be-

lies substantial heterogeneity across individuals. I then assess the aggregate consequences of

my survey-estimated composition preferences in a structural model, and show that current

levels of composition preferences are not large enough to create tipping points in segregation.

1See Tables III.3 and B.1. Blau and Kahn (2017) and Sloane et al. (2021) estimate similar results.
2For a thorough review of the literature, see Cortés and Pan (2018). Specific causes of occupational

segregation that have been widely studied include gender differences in skills (Rendall, 2018; Yamaguchi,
2018; Cortes et al., 2021); gender differences in preferences (Wiswall and Zafar, 2018; Gelblum, 2020; Lordan
and Pischke, 2022); discrimination (Bertrand and Duflo, 2017; Kessler et al., 2019); and social norms (Goldin,
2014; Bursztyn and Jensen, 2017; Bursztyn et al., 2017; Bertrand et al., 2021); gender-specific amenities
(Goldin and Katz, 2016; Mas and Pallais, 2017; Morchio and Moser, 2020; Wiswall and Zafar, 2018).
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However, composition preferences do reduce women’s presence in majority-male occupations.

To measure the size and shape of gender composition preferences, I design a survey exper-

iment to elicit the willingness-to-pay for workplace gender composition. In the experiment,

which is designed in the vein of Wiswall and Zafar (2018), Mas and Pallais (2017), and

Maestas et al. (2023), respondents make several choices between pairs of hypothetical job

offers that are in the same occupation and firm but at different workplaces with randomly

varying pay and demographic composition. For example, in one question respondents choose

between two jobs as a sales associate at two different locations of the same retail store chain.

This experimental design measures gender composition preferences at the workplace level,

but it allows me to hold fixed attributes that may vary with the gender composition of an

occupation such as amenity provision and tasks.34

I find that women and men both prefer gender-mixed occupations and workplaces on

average, and they are willing to trade off a non-trivial portion of wages to be in a workplace

with their preferred gender balance. Women are willing to trade off 4.5% of their wages to

avoid a workplace that is all male in favor of a workplace that is evenly gender balanced,

but they are not willing to pay more for a workplace that is more than half female. Men

are willing to trade off 3% of their wages to avoid a workplace that is all male and 2% of

their wages to avoid a workplace that is all female in favor of a gender balanced workplace.

My results expand findings by Delfino (2024), Larson-Koester (2017), and Wiswall and

Zafar (2018) by showing that both men and women care about gender composition and that

composition preferences are highly non-linear, particularly at very segregated jobs, which is

important for understanding the welfare consequences of segregation.

The average estimates of gender composition valuation mask substantial heterogeneity

across individuals. I estimate a latent-class logit model (Greene and Hensher, 2003) using

the survey data and find that around half of men and women choose jobs purely based on

the wage and assign zero value to the female share. The remaining women prefer majority

3My design is not incentivized and relies on respondents answering questions in a way that reflects their
true preferences. This style of survey experiment has been incentivized by offering customized job postings
(Kessler et al., 2019; Bustelo et al., 2022) or information on survey results to respondents (Drake, Marshall
et al., 2022). In my setting where workers are highly heterogeneous in employment status, occupation,
and location, it was not clear that these incentives would be effective, but I have piloted randomly offering
respondents job suggestions that depend on their responses.

4The gender composition preferences I measure are not necessarily inherent, biological, or constant over
time, but take existing differences in behavior between men and women as given. Gender differences in
behavior may include, e.g., expected discrimination or harassment (Folke and Rickne, 2022; Adams-Prassl
et al., 2023; Exley and Nielsen, 2024); competitiveness (Gneezy et al., 2003; Niederle and Vesterlund, 2007);
non-promotable tasks (Babcock et al., 2017); the likelihood of friendship or romantic attachments with
coworkers (Macdonald et al., 2024); and differences in information sharing within and across genders (Cullen
and Perez-Truglia, 2023; Hampole et al., 2022; Bostwick and Weinberg, 2022; Gallen and Wasserman, 2021,
2022; Breen and Garćıa-Peñalosa, 2002).
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female workplaces and are willing to trade off over 10% of wages to avoid predominantly

male workplaces. Among the remaining men, around half prefer majority male workplaces,

and half prefer majority female workplaces.

Further analysis of preference heterogeneity suggests gender composition is not only a

signal of other amenities but an important aspect of the social environment of a workplace.

Women over 55 and women of all ages without children are the most likely to prefer female

workplaces, suggesting a higher female share is not simply a signal of family-friendly ameni-

ties.5 Young, single men are also more likely to prefer female workplaces, so the search for

a romantic partner may be a motivating factor. Additionally, using follow-up questions on

specific job attributes, I show that a preference for “coworker interactions” with a given

gender is much more predictive of composition preferences than, e.g., tasks or promotion

probability, suggesting that gender’s influence on the social environment is key.

Finally, I build a model of occupation choice with composition preferences based on Pan

(2015), Chen et al. (2023), and Schelling (1971) and quantify it with my survey results to

study the implications of gender composition preferences for gender sorting and welfare in

the US. I demonstrate that the gender composition valuations I estimate are not large enough

to create tipping points in gender segregation, but they do decrease female employment by

up to 10% in the most male occupations and increase the gender wage gap from occupational

sorting by 10%. I also solve a social planner’s problem in the model and show that reducing

segregation would be optimal because composition preferences create a sorting externality:

women (or men) do not take into account the effect their entry into an occupation will have

on the utility of men (or women) in that occupation.

My paper’s primary contribution is twofold. First, I enrich prior empirical evidence

suggesting that women prefer gender homophily. Larson-Koester (2017) finds that women

become more likely to choose an occupation when it becomes more female due to industrial

and regional demand shifts, but we don’t know if this is because of a preference for gender

composition per se. Delfino (2024) finds showing a female (male) photo makes women (but

not men) more likely to apply to a social work job, but we don’t know how this translates

to other occupations. And women are slightly more likely to choose a hypothetical job at a

firm with a higher female share among mixed-gender jobs (Wiswall and Zafar, 2018), but we

don’t know how these preferences behave at jobs with more extreme gender compositions. My

paper expands these results by causally estimating composition preferences over the entire

spectrum of gender shares and showing that men and women actually both prefer gender

5More research is needed to determine if this age difference comes from an age or cohort effect, but several
papers suggest that social norms which have changed over time can be an important driver of job choice
across genders (Akerlof and Kranton, 2000; Brock and Durlauf, 2001; Pan, 2015; Fernández et al., 2004;
Goldin, 2014; Bursztyn et al., 2017; Olivetti et al., 2020; Bertrand et al., 2021; Cortés et al., 2022).
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diversity, on average, and that preferences are highly heterogeneous across individuals.

Second, my detailed quantification of gender composition preferences allows me to di-

rectly test the theory that preferences for homophily can create tipping points in segre-

gation (Schelling, 1971; Brock and Durlauf, 2001; Pan, 2015). I show that current levels

of composition preferences are very unlikely to create tipping points. Tipping points in

segregation would require either much larger composition preferences, extremely elastic la-

bor supply across occupations, or additional amenities that are endogenous to occupational

gender composition.

More broadly, my paper contributes to the literatures on the importance of amenities in

job choice and the causes and consequences of occupational gender segregation. I contribute

to our understanding of the importance of non-pecuniary amenities in job choice (Sorkin,

2018; Mas and Pallais, 2017; Wiswall and Zafar, 2018; Bustelo et al., 2022; Maestas et al.,

2023) by showing that the composition of the workplace itself, in addition to amenities pro-

vided directly by the firm, may be an important driver of job choice. This has important

implications for understanding the causes and dynamics of inequality across demographic

groups. I also show that preferences for gender composition can reduce women’s presence in

male-dominated jobs and that policies to reduce segregation could improve welfare, which

contributes more broadly to the literature on the causes of gender segregation across occupa-

tions and the consequences of policies to reduce segregation (Hsieh et al., 2018; Kaplan and

Schulhofer-Wohl, 2018; Sloane et al., 2021; Gelblum, 2020; Cortés and Pan, 2018; Cortes et

al., 2021).

This paper is organized as follows. In Section 2, I discuss the design of the survey I

administered to estimate gender composition preferences. In Section 3, I discuss the results

of the survey and how the estimated preferences vary across individuals. In Section 4, I

outline a basic model of occupation choice with gender composition preferences and show how

composition preferences affect equilibrium sorting. Section 5 quantifies this model using my

estimated composition preferences, which allows me to measure the aggregate importance of

composition preferences and discuss the utility of alternative allocations. Section 6 concludes.

2 Survey Design

To measure the amenity value of workplace gender composition, I design and administer a

survey with an embedded hypothetical job choice experiment to causally identify the amount

respondents are willing to pay to be in a job with their preferred female share.

In the experiment, respondents choose between several pairs of workplaces within a fixed

occupation and firm, and I randomly vary the pay and gender composition of each workplace.

This allows me to identify the willingness-to-pay for workplace gender composition while
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holding other attributes fixed.

2.1 Workplace Choice Experiment

The survey experiment is designed to quantify the willingness-to-pay for the female share of

a workplace within a fixed occupation and firm. By randomly varying the pay and gender

composition of hypothetical job offers, I can causally identify the dollar value of workplace

gender composition across the entire spectrum of workplace female shares, from 0 to 100

percent female. By holding fixed the occupation, firm, and unlisted characteristics in each

hypothetical choice, I can isolate the value of the experience with a particular set of coworkers

and prevent inference about job amenities and tasks from the gender composition.

In this experiment, respondents make several choices between pairs of job offers which

are in the same occupation and firm but are located at two different workplaces which vary

in their wages and demographics. For each pair of jobs, respondents are instructed that in

each job they will be performing the same occupation at different locations of the same firm,

which are a similar distance from their home. They are asked to select the job they would be

more likely to choose if offered both within each pair. Prior to making the choices, I instruct

respondents that they will be performing the same tasks at both workplaces, the workplaces

are identical in all but the listed characteristics, they have the necessary skills for both jobs,

and they have offers for both jobs and can choose the workplace they prefer. This helps

ensure that respondents hold fixed other job attributes while making their choices.

An example of a question respondents might see in this section is included in Figure 1.

For each individual job, respondents see the pay (hourly and annual equivalent), hours (for

this section, all are full-time), and three characteristics of the demographic composition of

their coworkers: gender (share female or share male); age (share under 40); and parental

status (share with children).6 The level of each characteristic is varied randomly and the

demographic shares are expressed as a number of coworkers out of ten. The wage offers are

anchored to the average wage in the occupation, as estimated in the March CPS, and vary in

increments of 0.5% to 10%.7 Across respondents, I vary the order in which the demographic

shares are presented and whether the gender composition is presented as the female share

or the male share.

6Gender and demographic composition differs from other amenities whose values are elicited in conjoint
surveys because it is unlikely to be communicated directly to applicants. This is similar to the prevalence
of workplace sexual harassment, which Folke and Rickne (2022) elicit valuations for in a conjoint design
that includes vignettes about employee experiences of sexual harassment. In both cases, although the job
characteristic is unlikely to be directly advertised by the firm, it may be conveyed to the applicant through
informal channels such as conversations with current or past employees.

7I round the average wage w to the nearest $10 and randomly select from six possibly multipliers to
generate each wage pair. Thus, every wage is some value m · w where m ∈ {1, .995, .99, .975, .95, .9}.

5



Figure 1: Example Hypothetical Workplace Choice

Respondents see nine to eleven job choices, within five occupations: high school teacher,

insurance sales agent, retail sales associate, nurse, and software developer. The first three

occupations are chosen because they are gender-balanced in reality and thus realistically

could vary widely in workplace gender composition. The last two occupations are chosen

to test for heterogeneity based on actual occupational gender composition because they are

very segregated in reality. Each respondent sees two to three pairs of jobs within each

occupation.8

In addition to enabling me to quantify the willingness-to-pay for different gender com-

positions across a range of occupations, this experiment holds fixed many attributes that

respondents might expect to vary with the gender composition of an occupation. Respon-

dents know that the two jobs are the same and even at the same firm, so they should not

infer that the tasks are different. In addition, giving a choice between two jobs at different

locations of the same firm implies that the contracted amenities should be the same. For

instance, whether schedule flexibility and paid parental leave are offered should not differ

across locations of the same firm within a local area.

Although the contracted amenities and tasks can reasonably be expected to be constant

across the workplaces within an occupation and firm, changing the gender composition may

still change a number of characteristics of the work experience, and thus I consider this a

bundled treatment. First, the gender composition may change the social environment: how

pleasant it is to interact with coworkers, how likely are friendships or romantic relationships

8An example of the flow of hypothetical choices respondents might see in this section is included in Figure
I.1 in the online appendix.
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to form, how likely is harassment. In addition, the gender composition may change the

opportunities: the likelihood of begin promoted or being assigned certain tasks within the

job description. Finally, the gender composition may change the perception or availability of

contracted amenities: if there are already many women with young children, a worker may

expect less schedule flexibility for themselves; if most coworkers are male, taking parental

leave even if offered may carry a stigma. In an additional follow up section of the survey, I

attempt to parse in which way gender composition matters for job experience.

I include several variations on the hypothetical job choice conjoint across iterations of

the survey to assess the robustness of my results and the reasons respondents value work-

place gender composition. In the first variation of the survey, respondents see the pay and

demographic composition of each job but no information about which occupation they will

perform. This design eliminates possible effects of prior perceptions of specific occupations,

which may affect the fixed-occupation workplace choice described above. It also allows for

social norms to affect these job choices: without listing a specific occupation, respondents’

perception of the societal view of the job may depend on the reported gender composition.

In the second variation, respondents again do not see a specific occupation but also see

additional amenities of each job. This design allows me to analyze the mechanisms for the

measured gender composition valuations by holding fixed other amenities that might vary

with occupational gender composition. I separately control for two additional amenities: the

probability of promotion or firing, and the job hours and schedule flexibility. In the final

variation, rather than choosing between two jobs with varying amenities in a fixed occupa-

tion, respondents choose between two different occupations, and I vary whether they see the

true gender composition of each occupation.

2.2 Remaining Survey Structure

The survey is structured as follows. First, respondents answer a standard set of demographic

questions regarding their age, gender, education, marital status, and family structure. I then

ask respondents about the occupation, industry, hours, and wages of their current or most

recent job. Following this, respondents see two of the job choice experiments: the workplace

choice, one of the two additional variations on the job choice, or an additional occupation

choice experiment described in the appendix. I randomize the order of the two experiments

and the order of questions within the experiment block. After the experimental questions, I

ask respondents to report their expectations about how their experience in a mostly female

occupation and a mostly male occupation might differ. The purpose of this section is to

disentangle the possible reasons for gender composition preferences. Next, I ask respondents

for their opinions on three gender attitudes using questions adapted from the General Social

Survey and Pew American Trends Panel. Finally, I include a debrief question where I show
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respondents one of the choices they made in the workplace choice experiment and ask them

to explain in writing why they made that choice.9

2.3 Estimation Strategy

Given the randomized design of the hypothetical job choice experiment, the estimation

process is straightforward. For the workplace choice, I use a conditional logit model to

estimate the willingness-to-pay for the female share of a job. I also estimate a latent class

logit model to determine the degree of preference heterogeneity.

2.3.1 Workplace Choice: Willingness-to-Pay for Gender Composition

To estimate the average willingness-to-pay (WTP) for the gender composition of an occupa-

tion, I use a standard multinomial logit model. The utility of an individual choosing among

J jobs indexed by j is

Ui,J = max
j∈J

[βw log(wg,j) + hg(fj) + κXj + εi,j] ,

where Xj is a vector of additional job attributes. To estimate the composition preference

function hg(f), I take a discrete approximation

hg(f) ≈
∑

fn=0,.1,...,.9,1

βfn1(fn = f), (1)

where fn = 0, .1, ..., .9, 1 are the eleven (minus one) possibilities for the female share in the

survey. As in the model in Section 4, I assume the preference shocks are Type I Extreme

Value with shape parameter λ. Then, the probability that individual i chooses alternative j

among the choices in J takes the conditional logit form

Pij,J =
exp((βw log(wg,j) +

∑
fn
βfn1(fn = fj) + κXj)/λ)∑

j′∈J exp((βw log(wg,j′) +
∑

fn
βfn1(fn = fj′) + κXj′)/λ)

(2)

Then, given each respondent’s choices and available alternatives, I can estimate the utility

parameters using a logit regression.

Importantly, the “pure” wage elasticity βw and gender composition elasticities βfn , that

is, the responsiveness to wages and gender composition holding the preference draw fixed, are

not level identified separately from the variance of the preference draw λ. The parameters I

identify are β̂w = βw

λ
and β̂f =

βf

λ
. For my willingness-to-pay estimates this is not important

9A diagram showing the survey flow is shown in Figure I.2 in the online appendix. The full survey is
available upon request.
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because the variance of the preference draw is differenced out when I calculate the elasticity

to gender composition relative to the wage elasticity.

Given this estimation, I can calculate the willingness-to-pay for a given gender composi-

tion relative to a baseline gender composition by taking the exponential of the ratio of the

estimated gender composition coefficient to the wage coefficient:10

WTPf = 1− exp

(
−β̂f

β̂w

)
. (3)

The WTP is positive for a good amenity and negative for a bad amenity: if an amenity is

good, the worker will be willing to accept a lower wage in exchange for access to the amenity,

and if an amenity is bad, the worker will need a higher wage in exchange for accepting the

amenity.

2.3.2 Heterogeneous Preferences

The logit model described above allows me to estimate average demographic valuations

within each gender. However, these estimates may mask substantial heterogeneity. Under-

standing heterogeneity can both improve our understanding of what underlying attributes

contribute to gender composition valuations and inform firm- and economy-wide policies to

reduce segregation.

I estimate heterogenous composition valuations using a latent class logit model that allows

me to detect heterogeneity that may not correlate with observable characteristics, following

Greene and Hensher (2003). In this model, there are Q preference types within each gender

indexed by q. Then, the probability that an individual of class q selects alternative j in

choice J is

P [alternative j chosen by individual i in choice J | class q] =
exp(x′

iJ,jβq)∑J
j=1 exp(x

′
iJ,jβq)

= Pij,J |q,

(4)

where xiJ,j are the characteristics of choice j in situation J and βq is a vector of class-specific

preference parameters. This means that the probability that an individual of type q makes

some choice is fixed within class q but varies across classes. I estimate this model using

maximum likelihood, further details of which are provided in Appendix A.4.

I use a latent class model with a discrete number of types rather than estimating prefer-

ences at the individual level for two reasons. First, estimating individual preferences across

10Details on the steps to this willingness-to-pay formula are described in Appendix A.3.
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the entire spectrum of gender compositions would require observing a large number of choices

per person.11 Asking respondents to make twenty or more choices of the same format is not

desirable due to respondent fatigue and inattention. Second, inputting preferences into a

numerical model requires a discrete number of preference types, so discretization is required

regardless. Thus, although I assess individual-level preference estimates to check validity

and robustness, I rely on a discrete number of classes for most heterogeneity analysis.

3 Survey Data and Results

I fielded my survey online to a sample of approximately 9,000 respondents. I find that, on

average, both men and women prefer jobs and workplaces that are 50-70% female. However,

women have slightly more distaste for majority male jobs and men slightly more distaste for

majority female jobs. There is substantial preference heterogeneity across individuals.

3.1 Survey Data

I fielded my survey online to a sample of 8,850 US adults in multiple waves from October

2021 to October 2022. I designed the survey in Qualtrics and recruited participants using

Lucid Theorem, a service that connects survey participants with academic researchers.12 Of

the total respondents, about half (4,604) see the main workplace choice experiment.13

An online survey is useful because it provides a controlled setting in which to run random-

ized experiments at a low cost, but there are several potential drawbacks. The main possible

problems with an online survey are non-representative samples, inattentive respondents, and

lack of external relevance. In this section, I discuss the first two issues and address their

relevance in my setting. I address external relevance in Section 3.5. Reassuringly, I find

that my sample is overall demographically similarly to the US population and mostly quite

attentive.

My survey sample is broadly similar to the population-representative March CPS, as

shown in Table 1.14 My survey respondents are relatively younger and more educated than

11Drake, Marshall et al. (2022) develop a procedure to elicit individual-level WTPs using a Bayesian
Adaptive Choice Experiment in which the questions that respondents see depend on their prior answers
in such a way to maximize the information in each answer. I did not implement this method due to
computational limitations, but this provides a promising avenue for further study.

12Lucid, now owned by Cint, sources participants from multiple companies that recruit individuals to take
online surveys. Respondents may have been recruited through emails, push notifications, in-app pop-ups, or
through sites offering multiple survey opportunities. (See https://theorem.cint.com/faq.) Coppock and
McClellan (2019) compare results from several survey experiments conducted through Lucid, MTurk, and
probability samples. For all but one of five experiments, they find experimental effects that matched the
sign and significance of the original estimates on the probability sample.

13Appendix Table A.1 shows the number of survey respondents who see each variation of the hypothetical
job choice experiment.

14CPS ASEC data accessed via Flood et al. (2018). I pool data from 2014 through 2019 and limit to
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the US population.15 In Appendix A, I show that my sample is similar to representative

samples on other characteristics that one might expect to vary with gender composition

preferences, including realized occupational gender composition and gender attitudes.

Table 1: Survey Demographics vs. March CPS

CPS Share Survey Share Difference t-stat

Age

18-24 .11 .12 .01 3.28
25-34 .17 .19 .02 5.84
35-44 .14 .20 .06 13.93
45-54 .16 .17 .01 2.00
55-64 .18 .15 -.03 -8.25
65+ .24 .17 -.07 -18.88

Education

less than high school .10 .04 -.06 -29.97
high school diploma .29 .28 -.01 -2.82
some college .28 .36 .08 15.67
bachelor’s degree or greater .33 .32 -.01 -2.08

Race

White or Caucasian .73 .71 -.03 -5.50
Hispanic or Latino .11 .08 -.03 -9.44
Black or African American .09 .12 .03 8.46
Asian or Pacific Islander .05 .05 .00 .11
Native American or Alaskan Native .01 .01 .01 6.39
Other .01 .03 .02 9.46

Gender

female .52 .52 -.00 -.22
male .48 .48 -.00 -.59

Note: This table compares the distribution of demographic characteristics of the sample
for my survey conducted via Lucid in October 2021 and the March CPS samples from 2014
through 2019. Lucid targets the distributions of these characteristics, although not necessarily
at the level of detail shown here.

To ensure my data is of high quality, I include several attention checks within my survey

and limit my analysis to the subset of respondents who pass these attention checks. Overall,

approximately 70% of respondents pass all attention checks. Most importantly, I include an

individuals aged 18 and up.
15Among my survey respondents, Black people are slightly over-represented and Hispanic under-

represented relative to the CPS. However, this may be due the fact that Hispanic ethnicity is a separate
question in the CPS, whereas I ask for race and ethnicity in one question.
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attention check within the hypothetical job choice conjoint, where respondents see a choice

between two jobs that differ only in their wages. Depending on the exact design of the job

choice question, 71% to 87% of respondents choose the higher wage job. This is similar to

the 85.5% of respondents passing a similar attention check found by Mas and Pallais (2017),

which is reassuring given theirs was an incentivized choice between two real jobs and mine

is hypothetical. Results of my survey are similar whether or not I include respondents who

failed one or more attention checks. For my main results, I exclude respondents who failed

one or more attention check. This leaves me with 2,772 total respondents for the workplace

choice.16

3.2 Workplace Choice Results: Average Preferences

Figure 2: Average Willingness-to-Pay for Gender Composition

Note: This figure shows the willingness-to-pay, as a fraction of the wage, for each possible female share
estimated on data from the conjoint job choice in my survey. Bars show 95% confidence intervals estimated
using the delta method.

The results of the workplace choice experiment show that men and women in fact prefer

jobs that are gender mixed or moderately female-dominated, on average, and dislike work-

places that are very segregated in either direction. Figure 2 shows the estimated WTPs

for each possible female share separately for men and women, and Table 2 adds the results

for age and education.17 In the analysis that follows, I use a 50% female workplace as the

baseline so the WTP for a 50% female job is always zero, and other WTPs are relative to a

50% female job.

16In Appendix A Section A.2, I detail additional results on the attention checks and the within-respondent
consistency of responses within the job choice experiments.

17Notably, the coefficient on the log wages for men and women is very close at 28.54 for women and 26.77
for men, respectively.
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Women, on average, prefer workplaces that are at least half female to majority male

workplaces, but they do not desire complete gender segregation, as shown in red in Figure

2. Women dislike mostly male workplaces: they are willing to pay 4.5% of wages to avoid

an all-male workplace, and have a negative WTP for any female share below 50%. Women

do not gain additional utility for female shares above 50%: the WTP is approximately zero

for 50-90% female workplaces. However, complete segregation is not desirable: the WTP is

negative for female shares above 90%. Overall, women dislike being a gender minority, but

do not want complete gender segregation.

Men have a strikingly similar composition preference profile to women: they prefer

gender-mixed workplaces. However, they have slightly more distaste for majority female

workplaces than women do. Men’s WTPs are negative for female shares below 40% and

above 60%, and they are indifferent between workplaces that are 40-60% female. On the

whole, men dislike gender-segregated workplaces, but they have greater distaste for majority

male than majority female workplaces.

One might be concerned that the wide variation in female shares across jobs creates

choices between unrealistic scenarios. I perform several robustness checks to allay these

concerns. First, I estimate the WTPs sepearately for a sample limited to questions where

the difference in female shares between the two jobs is no more than 10 percentage points

(e.g. 0% vs. 10% female). Second, I limit the sample to questions that present respondents

with female shares that are within 30 percentage points of the reported female share of

their own job. Finally, I limit the sample to questions that present female shares within 30

percentage points of the true female share of the occupation listed in the question. None of

these sample restrictions change the results materially, seen in Appendix Figure A.2.

My WTP estimates enrich prior research in this area. I expand Wiswall and Zafar

(2018)’s estimates of women’s small positive WTP for more female workplaces between 26-

72% female by showing that the distaste for extremely male jobs is even larger but adding

more women above 50% makes little difference.18 My estimates also help explain Delfino

(2024)’s finding that women are more likely to apply for a social work job advertised with

a female photo and Larson-Koester (2017)’s observational estimates of women’s preference

for more female occupations.19 Further, my findings that men have smaller composition

18Wiswall and Zafar (2018) estimate an average WTP of -.08% among men and -.04% among women for
the percent of men at a job, but the estimates are not significantly different from zero. If we multiply their
female WTP by fifty for a move from a 70% to 20% male job, the resulting 2% is actually quite similar to
my estimate of 3% for women’s WTP for a similar move. For men, their estimate would translate into a 4%
WTP for the same move compared to about 2% in my sample. The male shares in their survey range from
only 26% to 72%, so we cannot extrapolate these estimates to the entire range I measure.

19Larson-Koester (2017) estimates a discrete choice model of occupation choice using data from the SIPP,
ACS, and CPS and finds that women have increasing but concave utility in the female share of an occupation
and men have no significant preference over the female share of an occupation.
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preferences than women and are largely indifferent among mixed-gender jobs clarifies the null

results Larson-Koester (2017) and Delfino (2024) find for men. Folke and Rickne (2022) find

a 10% WTP to avoid a job with a reported incident of sexual harassment, and an increasing

likelihood of sexual harassment for workers who do not match the gender majority of their

firm, corroborating my results for women.

Relative to estimates of valuations for other job characteristics in the literature, the 4.5%

WTP I find among women to avoid an all-male workplace is about half as large as Mas and

Pallais (2017)’s estimate of the WTP for the ability to work from home (7-10%)20 and much

smaller than their estimate of the WTP to avoid employer discretion in scheduling (around

25-30%). Relative to the WTPs for other demographic characteristics I measure, the WTPs

for gender composition are similar or larger.

Overall, my results suggest that both men and women care about the gender composition

of their job, and their average valuations are quite similar. Women prefer jobs that are at

least half, but not all female, and dislike the most male jobs. Men also dislike male dominated

jobs and like gender mixed jobs, but they have slightly more distaste for mostly female jobs.

These results suggest that composition preferences are unlikely to be the primary driver of

segregation since workers actually prefer diversity.

3.3 Heterogeneous Valuation Results

I estimate a latent class logit model to detect underlying heterogeneity in gender composition

valuations. I find that some women have large valuations for majority female jobs and some

do not value the female share of a job at all. I find that some men do not value the gender

composition of a job, some prefer more female jobs, and some prefer more male jobs.21

I find that among women, there is a class that only values higher wages and a class

that prefers more female workplaces, as illustrated in Figure 3 Panel a. The wage-preferring

class, shown in gold, has a large coefficient on the wage but a close to zero coefficient on all

demographic characteristics. The female-preferring class, shown in red, also tends to choose

higher wage jobs but has a large willingness-to-pay to avoid the most male jobs.

The wage-preferring class, who value higher wages but assign little to no value to demo-

graphic composition, constitute 52% of women in my sample. This class has an extremely

large coefficient (181) on the log wage: a member of this class would have over a 99.9%

20Notably, this experiment was run before the COVID-19 pandemic.
21I select the number of classes using cross-validation. I run a 10-fold cross validation exercise on the

log-likelihood and evaluate the Akaike and Bayesian Information Criteria (AIC and BIC) for models with
1-10 classes. I also assess the estimated preference classes for 1-5 classes, and among those ranked highly
by the cross-validation and AIC/BIC, select a number of classes where the WTPs across classes are clearly
distinguishable. Through these exercises, I choose Q = 2 classes for women and Q = 3 classes for men.
Details are in the online appendix.
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(a) Female (b) Male

Figure 3: WTP for Gender Composition by Class, Male

Note: This figure shows the willingness-to-pay, as a fraction of the wage, for the classes among women and
men estimated using the latent class logit model. Bars show 95% confidence intervals estimated using the
delta method.

probability of choosing a job where the wage is 10% higher, all else equal. This class has

marginally negative, but small, WTPs for jobs less than 20% female. The WTPs for other

demographic characteristics in this class are small and not significantly different from zero.

All of this suggests that the wage-preferring class is not particularly motivated by gender

composition.

The female-preferring class, who assign large value to majority female workplaces, make

up the remaining 48% of my female sample.22 This class has large, negative WTPs for

all female shares below 50%, and a slight preference for younger workplaces where more

coworkers have children. Members of this class still prefer higher wage jobs, but are willing

to trade off a significant fraction of their wages for jobs that have more women.

I find that among men, there is a class that only values higher wages, a class that prefers

more female workplaces, and a class that prefers more male workplaces, as illustrated in

Figure 3 Panel b. As among women, the wage-preferring class, shown in gold, has a large

coefficient on the wage but a close to zero coefficient on all demographic characteristics.

The female-preferring class, shown in red, dislikes mostly male workplaces but is mostly

indifferent between workplaces over 50% female. Finally, the male-preferring class, shown

in light blue, dislikes mostly female workplaces but is mostly indifferent between workplaces

under 50% female.

Similarly to the female sample, I estimate that 52% of the male sample comes from a

22The wage coefficient is 15, implying an 81% probability of choosing a job where the wage is 10% higher,
all else equal.
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wage-preferring class. The male wage-preferring class again has a large coefficient (181)

on the log wage, which is almost identical to the log wage coefficient for the female wage-

preferring class. This class also has a small negative WTP for 0-10% female workplaces, but

the WTPs for all other demographic characteristics are small and not significantly different

from zero. As in the female sample, this class seems to be motivated mostly if not entirely

by higher wages.

In contrast to the female sample, in the male sample, the group with significant prefer-

ences for demographic composition comes from two distinct classes. I denote these as the

female-preferring class, which makes up 29% of the male sample, and the male-preferring

class, which makes up 19% of the male sample.

The female-preferring class among men assigns the most value to workplaces that are

50-90% female. For this class, the willingess-to-pay to avoid an all-male workplace is around

15% of wages. Members of this class still prefer higher wage jobs, but are willing to trade

off a significant fraction of their wages for jobs that have more women.

Finally, the male-preferring class most prefers gender-mixed to male-dominated work-

places and dislikes majority female workplaces. This class has a willingness-to-pay of around

10% to avoid an all female workplace. The coefficient on the log wage for this class is only

9.295, implying a member of this class would choose a job with a 10% higher wage with a

71% probability. This causes the estimated WTPs to be noisier and suggests this class may

be slightly less attentive.

Overall, the latent class logit picks up on important heterogeneity in gender composition

preferences among female and male respondents. Some women value more female workplaces

and some do not care. Men’s average preference for diversity masks that men also prefer

gender sorting to some extent but they do not all prefer to sort with their own gender.

Notably, however, all preference classes are happy in a gender-balanced job.23

3.4 Who Values Gender Composition and Why?

Looking at how composition preference heterogeneity varies with observable characteristics

can help us understand why men and women value gender composition. I find that older

workers are more likely to prefer same-gender workplaces, unmarried men are more likely

to prefer more female workplaces, and people with more progressive gender attitudes are

more likely to prefer more female workplaces. Additionally, workers who say they prefer

the interactions with coworkers (as opposed to, say, the schedule or tasks) at a majority

female job are much more likely to belong to the female-preferring group. Together, this

suggests that social factors, rather than correlated amenities, are important determinants of

23See Table I.5 for all WTP estimates by class.
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(a) Female (b) Male

Figure 4: Age and Probability of Belonging to Own-Gender-Preferring Class

Note: This figure plots the average posterior probability of belonging to the own-gender-preferring preference
class by age bin.

composition preferences.

Older women and men are more likely to prefer a majority same-gender workplace. This

pattern is more distinct for women—in Figure 4, I compare the probability of belonging to

the female-preferring group across more granular age bins. The probability is relatively flat

from ages 18 to 54, but increases at age 55 and linearly with age thereafter. From the survey

data alone, I cannot determine if this is an age effect or a cohort effect. If it is an age effect,

it may be that older workers generally value amenities more and wages less because they

have higher savings and less time remaining in the labor market, or that preferences change

or are learned with age. If it is a cohort effect, it may be the case that as gender norms and

discrimination have lessened over time (Cortés and Pan, 2018; Hsieh et al., 2018), women

and men have become more comfortable in mixed-gender work environments.

Further, Table 3 shows that women with children are actually less likely to belong to the

female-preferring group.24 As shown in Table 2, people with children have a slight preference

for other coworkers with kids, but it is much smaller than women’s preference for women

coworkers. Along with the evidence that older women prefer female coworkers more, this

suggests a high female share is not simply serving as a signal for the availability of family

friendly amenities.

In addition, married men are less likely to belong to the female-preferring group, even

after controlling for age. Perhaps unmarried men could be looking for a romantic partner

in the workplace. In the context of recent research showing both the frequency and costs

24This result holds when comparing instead women with kids at home to women with no kids at home.
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Table 3: Correlates of Preference Classes

Probability of Preference Class
Female Male

Female-preferring Female-preferring Male-preferring

Demographics

Age: 55+ 0.123 -0.045 0.063
(0.022) (0.024) (0.018)

Race: white 0.108 0.036 0.033
(0.023) (0.026) (0.020)

Married 0.026 -0.046 0.027
(0.021) (0.023) (0.018)

Children at home -0.061 0.009 -0.017
(0.022) (0.025) (0.019)

Education: some college + 0.007 -0.045 0.001
(0.023) (0.026) (0.020)

Income: >$25/hour -0.020 0.006 -0.036
(0.028) (0.030) (0.024)

Attitudes

Democratic political views 0.056 0.043 -0.015
(0.015) (0.016) (0.012)

Progressive gender norms 0.101 0.064 -0.055
(0.024) (0.025) (0.019)

Prefer female job in listed attribute

Coworker Interactions 0.137 0.118 -0.090
(0.017) (0.021) (0.016)

Work Environment 0.155 0.095 -0.087
(0.017) (0.020) (0.016)

Schedule 0.112 0.053 -0.072
(0.019) (0.023) (0.018)

Tasks 0.090 0.067 -0.043
(0.019) (0.021) (0.017)

Higher earnings in female job -0.034 0.081 -0.040
(0.016) (0.020) (0.015)

Family prefers female job 0.057 0.089 -0.067
(0.021) (0.022) (0.017)

Promotion more likely in female job 0.009 0.104 -0.045
(0.015) (0.018) (0.014)

Note: This table shows the coefficients from regressions of the posterior probability of belonging to each
preference class on various questions. For women, estimates come from a 3-class model, shown in the online
appendix. I run separate regressions for each variable. For democratic preference, progressive gender norms,
and job attribute preferences, I transform variables to a -1 to 1 index with higher values representing,
respectively, more democrat, more progressive norms, and more preference for a female job. The full gender
attitude questions are shown in A.1. Observations: 1525 female, 1234 male.
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of romantic relationships in the workplace (Macdonald et al., 2024) and sexual harassment

in the workplace (Folke and Rickne, 2022), this suggests that some men’s desire for female

coworkers may be at odds with women’s desire to avoid sexual harassment, which could

inform the policy implications of these results.

Both men and women with more progressive gender attitudes are more likely to prefer

majority female workplaces, as shown in Table 3.25 Democrats are also more likely to

belong to the female-preferring group.26 This suggests that people who prefer more female

workplaces may be in general more tolerant of women.

To get more information about the precise attributes that workers value at more and less

female jobs, in an additional survey section I ask respondents whether they expect they would

be more satisfied with various attributes in a majority female or majority male occupation.

These attributes include interactions with coworkers, work environment, tasks, and schedule.

I also ask in which job they think they would earn more, in which job they think they would

be more likely to be promoted, and which job their family would prefer they do. Notably,

this is slightly different from the workplace choice experiment in that the occupations may

be different, and I do not instruct respondents that the jobs are identical other than the

female share.

Figure 5 shows the share of respondents who report that they would prefer the more

female job minus the share who report that they would prefer the more male job for each

attribute, separated by respondent gender. Women on average are more likely to prefer the

female occupation on all dimensions except pay. Men are more likely to prefer the more

male job or are nearly indifferent on all dimensions except coworker interactions, where

they prefer the more female job. Because the context of this question is different from

the hypothetical workplace choice (focusing on different occupations, not necessarily at the

same firm with otherwise identical characteristics) this does not imply that my composition

preference estimates simply reflect gender composition as a signal of other amenities.

Comparing stated preferences for workplace characteristics with the results of the hy-

pothetical workplace choice shows that coworker interactions are particularly important in

explaining composition preferences. Table 3 shows that for both men and women, indicating

a preference for the coworkers or work environment in a female (male) job is the largest pre-

dictor of belonging to the female (male) preferring group. This suggests that the preferences

I measure are indicative of actual preferences for coworker gender, not just a preference for

correlated amenities.

25I construct a progressive gender norms index from three questions about gender norms. Full gender
norms questions are described in Appendix A.1.

26Political affiliation is collected by Lucid when respondents sign up for the platform; it is not included in
my survey.
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Figure 5: Share Preferring Female Job Minus Share Preferring Male Job on Each Attribute

Note: This figure plots the share of respondents who report that they would be more satisfied with a
female job minus the share who report they would be more satisfied with a male job on the listed attribute,
separately for men and women.

Additional results lend further credence to the idea that I am measuring actual preferences

for coworkers rather than just correlated attributes. For one, men are more likely to choose

more female workplaces in occupations that involve more direct interaction with coworkers,

as illustrated in Appendix Figure A.3. Further, in an extension of the survey design where

I add additional amenities, including schedule (fixed, variable, or flexible); hours (part-time

or full-time); and probability of promotion or layoff; composition preferences retain the same

overall shape.27 Because these attributes are held fixed by design in the workplace choice

experiment, it seems unlikely that a large share of the WTP is coming from inferred amenity

provision.

Overall, these results suggest gender’s effect on the social experience of work is a key

driver of my measured composition preferences. Older women, women without children,

single men, and individuals with more progressive gender attitudes value female coworkers

more, suggesting that the social aspect of working with women rather than correlated family-

friendly amenities is behind the preference for female coworkers. In addition, preferring the

“coworker interactions” with a given gender is a strong predictor of a higher WTP to work

with that gender, and adding additional amenities to the survey questions does not change

the overall shape of composition preferences. It seems as a whole that gender composition

may fundamentally affect the social environment of a workplace or occupation.

27See Appendix Figure A.4. Although the magnitude of the estimates decreases somewhat, overall the
preferences have the same shape. The sample size for this extension is about one-third of that for the main
workplace choice, and the number of attributes is larger, so the estimates are much noisier.

21



3.5 Do Composition Preferences Correspond to Job Choice?

In this section, I evaluate the external relevance of the survey-estimated valuations by mea-

suring whether they correspond to real-life occupation choices.

(a) Female (b) Male

Figure 6: Most Likely Preference Class and Female Share of Employer

Note: This figure plots probability of belonging to each composition valuation class (omitting the wage-
preferring class) against bins of the reported female share of the respondent’s employer.

As shown in Figure 6, women and men who report working for employers with a higher

female share are more likely to belong to the female-preferring class, although the probability

declines somewhat for people who report the highest female shares at their employer. Men

who report low female shares at their employers are also slightly more likely to belong to the

male-preferring group. The relationship between preferences and reported female shares is

stronger for women, perhaps indicative of more strongly-held preferences.

Of course, men and women might choose jobs that do not align with their valuations for

gender composition because these jobs are preferable for other reasons. This demonstrates

the importance of holding “all else equal” in my survey design—in reality, these jobs are

not otherwise identical. For instance, male software engineers might prefer firms with more

female engineers, but in reality these firms may be hard to find or specialize in different

areas. In addition, for both men and women, employer-side frictions like discrimination may

prevent them from choosing a job that aligns with their gender composition valuation.

4 Occupation Choice Model

To illustrate the intuition of how composition preferences affect gender sorting, I present

a simple model of occupation choice in which workers value both the wage and gender

composition of their occupation, in the spirit of Pan (2015) and Chen et al. (2023). I show

that homophilic preferences amplify underlying patterns of gender sorting.
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4.1 Model Environment and Sorting Equilibrium

There are two genders of workers, g ∈ {f,m}, and two occupations, k ∈ {1, 2}. Workers

of each gender are present in measure 1. Each occupation is characterized by a pair of

gender-specific wages wf,k and wm,k and a female share, fk =
lk,f

(lk,f+lk,m)
, where lk,g is the

mass of workers of gender g in occupation k. Each gender has a preference profile over the

female share of their occupation represented by hg(f). If preferences are homophilic, hg(f)

is increasing in f for women and decreasing in f for men.

Each individual chooses an occupation to maximize their utility from the occupational

wage, female share, and idiosyncratic preference draw εi,k. The utility function for an indi-

vidual i of gender g is given by

Ui = max
k∈{1,2}

[log(wg,k) + hg(fk) + εi,k] , (5)

The idiosyncratic shock creates dispersion in choices across individuals. I define the function

Fε2−ε1(x) as the CDF of the difference between the preference shocks in occupation 2 and

occupation 1.

Individual i will choose occupation 1 if it provides higher utility:

log(w1,g) + hg(ℓ1,f/ℓ1) + εi,1 > log(w2,g) + hg(ℓ2,f/ℓ2) + εi,2. (6)

Thus, if wage and gender composition utility is higher in occupation 1, individuals will choose

this occupation unless their idiosyncratic utility draw is very high in occupation 2, and vice

versa.

Following Chen et al. (2023), I define a sorting equilibrium as an allocation of workers of

each gender to each occupation such that no small mass of workers could improve their utility

by switching occupations. In a sorting equilibrium, the share of workers of each gender in

occupation 1 is equal to the probability that utility is higher in occupation 1:28

ℓ∗1,g = Pr [log(w1,g) + hg(ℓ1,f/ℓ1) + ε1 > log(w2,g) + hg(ℓ2,f/ℓ2) + ε2] , g = {f,m}. (7)

Tipping, which I define as a shift between two distant equilibria brought on by a small shock

to the system, will only be possible if multiple equilibria exist. In the next section, I analyze

which conditions create the possibility for tipping and characterize the effect of composition

preferences on sorting.

28Chen et al. (2023) establish conditions for existence and uniqueness of a sorting equilibrium: an equilib-
rium generally exists and will be unique if composition preferences are smooth and of small enough scale.
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4.2 The Partial Equilibrium Effect of Composition Preferences

In this section, I use the model to evaluate how composition preferences affect gender sorting

when wages are fixed. I find that the effect of composition preferences on sorting and wages

will be larger, and tipping more likely, if gender composition preferences are strong relative

to wages and if occupation choice is more elastic.

We can invert Equation 7 to find the labor supply function:

log(w1g)− log(w2g) = F−1
ε2−ε1

(ℓ1g)︸ ︷︷ ︸
marginal preference shock

+

[
hg

(
1− ℓ1f

2− ℓ1f − ℓ1m

)
− hg

(
ℓ1f

ℓ1f + ℓ1m

)]
︸ ︷︷ ︸

difference in composition utility

.

To understand this labor supply function more concretely, I assume that the idiosyncratic

preference draw follows a Type I Extreme Value (TIEV) distribution with shape parameter

λ. The parameter λ is the inverse of the occupational wage elasticity: if λ is large, the

variance of the preference shocks is high, so occupation choices are sticky and workers are less

responsive to changing occupational conditions. If λ is small, the variance of the preference

shock is low, so occupation choices are flexible and workers are more responsive to changing

occupational conditions.

Under this assumption, we can solve the inverse CDF of the preference shock to write

the following labor supply function:

[log(w1g)− log(w2g)]︸ ︷︷ ︸
wage utility diff.

=λ · log
(

ℓ1g
1− ℓ1g

)
︸ ︷︷ ︸
pref shock utility diff.

+

[
hg

(
1− ℓ1f

2− ℓ1f − ℓ1m

)
− hg

(
ℓ1f

ℓ1f + ℓ1m

)]
︸ ︷︷ ︸

composition utility diff.

, g = f,m. (8)

The first part of Equation 8 is standard: as the relative wage in occupation 1 increases, the

relative labor supply to occupation 1 increases; the labor supply is more responsive to wages

when the variance of the preference shock is smaller. The second part of this equation shows

that if composition utility is higher in occupation 1, more workers of gender g will choose

occupation 1 than they would in the absence of composition preferences.

Homophilic composition preferences will exacerbate gender sorting and reduce female

wages in more female jobs. Figure 7 plots the female labor supply function with composition

preferences of varying strength and varying wage elasticity, given a fixed male labor supply

to occupation 1. This figure illustrates the key effects of homophilic composition preferences.
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Figure 7: Labor supply with varying composition preferences and wage elasticity

Note: These plots display the female labor supply function with and without gender composition preferences
of varying scale (panel a) or with varying preference shock variance η (panel b). Here, I set η = 0.1, ℓ1m = 0.5,
and hf (f) = 0.06 · log(f)− 0.5 at baseline.

First, homophilic preferences flatten the labor supply curve and thus amplify sorting. We

see this in Figure 7 by comparing the solid and dashed grey lines: if occupation 1 is already

more female, composition preferences will increase female labor supply and depress female

wages in this occupation, which can be seen on the right half of the figure.

Second, the effect of composition preferences on sorting will be larger when composition

preferences are steeper relative to preference shocks and wage differences. We see this in

Figure 7 by comparing the dashed grey and dashed red lines: as the composition preference

function increases in slope, the labor supply function becomes flatter.

Finally, the effect of composition preferences will also be larger when the occupational

wage elasticity is large; that is, when the variance of the preference shock is small. We see

this in Figure 7 by comparing the dashed grey and dashed blue lines: when λ is smaller,

occupation choices are more responsive to changing wages, so the effect of the same com-

position preference function (normalized to wages, i.e., equal willingness-to-pay for gender

composition) will be larger.29

When are tipping points possible in this model? I define a tipping point as a shift between

multiple sorting equilibria. In order for tipping to occur, either the male or female labor

29In Online Appendix Section III.1, I show that the effect of composition preferences is dampened, but
not nullified, in general equilibrium.
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supply function must bend backward at some point so that the same relative wages can result

in multiple possible allocations. This is illustrated by the yellow line in Figure 7. When the

female labor supply function is backward bending, a change in relative wages or a change in

male labor supply can remove or create a mixed gender equilibrium.

Thus, tipping will be more likely when either gender composition preferences are very

strong or occupation choices are very flexible, because both of these conditions will create a

flatter labor supply function. The key parameters that determine the effect of composition

preferences are the slope of the composition preference function relative to wages and the

variance of the occupational preference shocks.

5 Quantifying the Aggregate Effects of Gender Composition Preferences

With estimates of the value of gender composition in hand, I can now quantify the aggregate

consequences of these preferences. Using an expanded version of the model in Section 4, I

show that existing composition preferences are unlikely to create tipping points and reducing

segregation would improve welfare.

5.1 Quantitative Model Environment

I make three additions to the quantitative model relative to the simple model: multiple

occupations, unobserved amenities, and nested preference shocks. First, there are now K

occupations indexed by k rather than only two occupations.30 Second, each occupation

has a gender- and occupation-specific residual amenity ak,g, representing other amenities

and barriers to entry and allowing me to match observed employment shares.31 Third, the

nested logit structure allows preference shocks to be more correlated within an occupation

nest than across nests. Therefore, workers that switch occupations are more likely to move

to occupations that are more closely related to their own.32

The utility function in the quantitative model is as follows:

Ui,g = max
s,k∈s

{
Zs,g + log(wk,g) + ak,g + hg

(
ℓkf
ℓk

)
+ εi,k,s

}
. (9)

As in Section 4, wk,g is an occupation- and gender-specific wage, and hg

(
ℓkf
ℓk

)
is the gender-

specific gender composition utility function. In addition, ak,g is an occupation- and gender-

specific amenity, Zs,g is a nest- and gender-specific amenity, and εi,k,s is an individual-specific

occupation-level preference shock that follows a generalized extreme value distribution with

30Non-participation is considered its own occupation.
31See Grigsby (2024).
32Formally, the nested logit model breaks the independence of irrelevant alternatives inherent to the

standard multinomial logit model.
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correlation 1 − λ within nests and no correlation across nests. The parameter λ serves the

same function as the shape parameter of the taste shock in the standard logit model—the

larger λ is, the smaller the occupational wage elasticity is within nests.33

The share of workers in occupation k within nest s is

ℓk,g∑
j∈s ℓj,g

=
exp(Vk,g/λ)∑

j∈Bs
exp(Vj,g/λ)

, (10)

where Vk,g = log(wk,g) + ak,g + hg

(
ℓkf
ℓk

)
. Within each nest, the model behaves similarly to

the standard logit model: employment shares are proportional to the relative utility of each

occupation.

The shares of each nest in overall employment are given by

P (s) =
exp(Z ′

sα + λIVs)∑
l exp(Z

′
lα + λIVl)

where IVs = log

[∑
k∈S

exp(Vk/λ)

]
.

The employment shares across nests are proportional to the total utility in each nest, which

includes an aggregate of the utility in each occupation in the nest and a constant utility Zs.

This structure ensures that in counterfactuals, workers will be more likely to switch to an

occupation that is more closely related to their initial occupation.

To close the model, I add a production function which is CES across occupations.

Y =

(∑
k

(Akℓk)
η−1
η

) η
η−1

.

The occupations are gross substitutes when η > 1, and gross complements when η < 1. Ak

is occupation-specific productivity.

To account for gender wage gaps within occupations, the within-occupation production

function is CES across genders, as in Ngai and Petrongolo (2017):

ℓk =
(
qk(ℓk,m)

α−1
α + (1− qk)(ℓk,f )

α−1
α

) α
α−1

,

where α is the elasticity of substitution across genders, and qk represents the relative produc-

tivity of men. If qk > .5, men are more productive in the occupation. This wedge between

male and female productivity can encompass both actual productivity differences and pure

wage discrimination.

33If λ = 1, the model collapses to a standard logit.
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5.2 From Survey to Model

Equating occupational gender composition utility in the model to workplace gender compo-

sition utility, which I measure in the survey, requires some assumptions on the structure of

occupation choice.

First, I assume that when workers in the model choose their occupation, they know

the gender composition of the occupation as a whole but not the distribution of gender

compositions across workplaces. Because the model is static, we can think of it as a one-time,

early-in-life occupation choice. Second, I assume that labor market frictions imply individuals

will not be able to freely choose a workplace with their preferred gender composition within

their occupation.34

Equating occupational composition utility to workplace composition utility may matter

little for the overall results. Preferences across gender compositions are strongest at the

extreme ends of the distribution. Within extremely segregated occupations, workplaces

whose gender compositions diverge greatly from the occupational average may be rare. In

addition, an individual’s closest colleagues in a workplace are likely those with the same or

very similar occupations. For the model, this means that if we estimate large movements

out of extremely segregated occupations in counterfactuals, these movements would not be

possible across workplaces without changing the gender composition of the occupation.

5.3 Model Estimation

I estimate the model using my survey results and data from the March CPS. My data on

allocations (ℓg,k) and wages (wg,k) across occupations by gender come from the March CPS.

I use the 2014-2019 data on workers age 18 and up. I divide workers into 434 occupations

using 2010 Census occupation codes. For occupation- and gender-specific wages, I take the

average annual earnings from the prior year for each occupation, residualized on education,

age, age squared, usual weekly hours, and year fixed effects. I calculate the allocations across

occupations as the share of workers of each gender with a given occupation listed as their

main occupation in the previous year.

To apply my survey-estimated composition valuations in the model, I fit quadratic func-

tions to the heterogeneous composition values separately for men and women. I calibrate

λ, the parameter governing the correlation of extreme value preference shocks within nests,

externally to 0.5 from estimates of occupational and firm labor supply elasticities in the

34How realistic this is depends on how gender shares are distributed across workplaces within an occu-
pation. At the extreme end, firms could completely undo sorting across occupations if there are firms of
every possible gender composition within all occupations. However, this is unlikely: Hellerstein et al. (2008)
estimate that as of 2000, 61% of gender segregation across firms was explained by gender segregation across
occupations.
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literature.35

Next, I calibrate the production functions elasticities externally. I set the elasticity of

substitution across occupations η in the aggregate production function equal to 1.5, based

on estimates of the elasticity across skilled and unskilled occupations.36 Thus, occupations

are gross substitutes. I set the elasticity of substitution across genders α equal to 2.5,

following estimates in Ngai and Petrongolo (2017). Within occupation, genders are also gross

substitutes, but genders are more substitutable than occupations.37 Table 4 summarizes the

values and sources of parameters that enter the model estimation.

Table 4: Model Parameter Sources

Parameter Meaning Value Source

Occupation Characteristics

wg,k Occupation-Gender wage March CPS
ℓg,k Occupation-Gender allocation March CPS

Worker Utility Parameters

hg(ℓf,k/ℓk) Gender composition valuation function Survey
1− λ Correlation of EV shocks within nest .5 Dix-Carneiro (2014),

Bassier et al. (2022)

Externally Calibrated Parameters

η Sub. Elasticity Across Occupations 1.5 Acemoglu and Autor (2011)
α Sub. Elasticity Across Genders 2.5 Ngai and Petrongolo (2017)

Note: This table shows the sources of parameters that are determined outside the model.

To divide occupations into nests, I follow Nimczik (2022) and Schubert et al. (2021) by

defining a network of occupations based on observed worker flows. Intuitively, I combine

occupations that workers frequently flow between into the same nest.38

For non-participation, I normalize the values of the amenity, wage, and composition

utility to zero. This pins down the overall level of the amenities ak,g for each gender and

occupation. Given wages and composition preferences, the amenity ak,g across occupations

is the residual utility needed to rationalize allocations across occupations.

35This parameter is roughly equivalent to the variance of the type I EV preference shock in a standard
logit model. My value of λ = 0.5, corresponding to a wage elasticity of 2, lies between estimates of the wage
elasticity across a smaller number of occupations (Dix-Carneiro, 2014; Hsieh et al., 2018) and across firms
(Bassier et al., 2022).

36Acemoglu and Autor (2011) note that most estimates for this elasticity lie between 1.4 and 2.
37A non-infinite elasticity of substitution across genders can be due to differences in production stemming

from, e.g., differences in hours or specific tasks performed within an occupation.
38The estimated nests are described in the online appendix.
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The overall occupational productivities Ak and relative gender productivities qk are de-

termined by gender-specific wages and occupational allocations. Taking the first-order con-

ditions of the profit function gives the wage for each gender as a function of labor supply,

Ak, and qk, so given wages and allocations, I can back out Ak and qk for each occupation.

Intuitively, Ak depends on the level of wages relative to total labor, and qk depends on the

gender wage gap. I normalize the level of output so that wages sum to total output.

5.4 Tipping and Labor Supply to a Single Occupation

In this section, I use my survey-estimated preferences to analyze the possibility of tipping

across occupations. I find that tipping would require very large occupational wage elasticities.

However, allowing for amenity provision to respond endogenously to gender composition

increases the likelihood of tipping.

Tipping occurs when a small perturbation in labor demand or supply induces a movement

from a gender-mixed to a gender-segregated equilibrium, or vice versa. In order for tipping

to occur, the occupational labor supply function must bend backwards—that is, at a given

wage level, more than one sorting equilibrium must be possible.

Taking total occupational labor as fixed and normalized to one, I can write the female

labor supply function to a fixed occupation k relative to some outside occupation j as

log(wk,g)− log(wj,g) =

λ [log(fk)− log(fj)] + [aj,g − ak,g] + [hg (fj)− hg (fk)] , (11)

where fk is the female share of occupation k, and λ is the inverse wage elasticity.39

From the labor supply function, I can derive a condition for tipping: at some point, the

derivative of wages with respect to female labor supply must be negative. That is, there must

be some point at which increasing female employment in the occupation lowers the wage

required to induce that number of women to work in the occupation. Setting the derivative

of wages with respect to labor supply greater than zero gives

λ

fk
<

∂

∂fk
[hf (fk)] .

That is, tipping can occur when the slope of the composition preference function exceeds

the slope of the labor supply function absent composition preferences.

In the case of composition preferences that are quadratic in the female share, I can

39When total labor is fixed and normalized to one, female labor supply in an occupation is equal to the
female share.
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derive a simple condition for tipping relating the slope of composition preferences to the

wage elasticity. With composition preferences of the form

hg(fk) = a+ bfk − cf 2
k , we need λ <

b2

8c

to create the possibility of a tipping point.40

Using typical estimates of the occupational wage elasticity and my survey estimates of

composition preferences, it is unlikely that tipping will occur due to workplace composition

preferences alone. In Table 5, I show the minimum wage elasticity (with estimated prefer-

ences) and minimum preference multiplier (with a standard wage elasticity) necessary for

tipping. Even for the female-preferring women, a very large wage elasticity (around 14)

would be necessary to create a tipping point. With a more standard wage elasticity of 2

(λ = 0.5), the composition preferences of the female-preferring group would need to be about

7 times as large as those I estimate to create tipping.

Table 5: Conditions for Tipping with Estimated Composition Preference

female male
average female preferring average

composition pref. hg(f) −.04 + .14f − .11f 2 −.13 + .41f − .30f 2 −.02 + .11f − .10f 2

max λ 0.0224 0.0693 .0096
λ = 0.5, min wtp multiplier 22.3 7.2 52

min |α|, λ = 0.5 0.5123 0.6857 .5059

Note: This table shows the fitted polynomials for composition preferences and the conditions on preferences,
the inverse wage elasticity λ, and the endogenous amenity function necessary to create a tipping point. The
inverse of the maximum λ is the smallest wage elasticity needed to create a tipping point. The parameter α
measures the responsiveness of amenity levels to female share: α = 0.5 indicates that a 10 percentage point
increase in the female share increases the amenity value by the same amount as a 5% wage increase.

Alternatively, tipping could be generated not only from composition preferences but

from downstream effects of changing composition on other job characteristics. For instance,

as the female share increases, an occupation might increase its provision of female-friendly

amenities, or it might become seen as less socially acceptable for men to perform. I generalize

these possibilities with an extension of the job choice model where the gender-specific amenity

depends on the female share: ak,g = ag(fk).

If I assume that the endogenous amenity is linear in the female share in the form af (fk) =

αfk, I can calculate the minimum α required to create tipping. I tabulate these estimates in

Table 5 for both women (requiring a positive α) and men (requiring a negative α).

40Appendix B.1 provides the derivation of this condition, and the tipping condition for men.
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For the average woman and man, α would need to be around 0.5 to generate tipping.

What does this mean? The value α = 0.5 implies that a 10 percentage point increase

in the female share creates additional amenities with value equivalent to a 5% increase in

wages. This is not unreasonable to imagine, particularly in the long run and if allowing

for discontinuous responses to the female share.41 Thus, investigating the endogeneity of

amenity provision and social norms to the demographic composition of a job could be a

promising avenue for further research.42

On the whole, I conclude that the gender composition preferences I estimate are, on their

own, unlikely to create broad-based tipping points. Tipping is more likely to occur when the

occupational wage elasticity is high, which could occur between closely related occupations

or over longer periods of time. Given that I find that older women have stronger preferences

for higher female shares, tipping between occupations may have been possible in the past.

Finally, allowing for the provision of amenities to be endogenous to the female share of an

occupation could make tipping much more likely.43

5.5 Aggregate Effect of Composition Valuations

Another way of assessing the aggregate importance of gender composition preferences is to

estimate their effect on overall labor allocation across occupations. To do this, I use my

model to construct counterfactual allocations and wages across occupations in a world with

no gender composition preferences.

To remove gender composition valuations, I take the model estimates of occupational pro-

ductivity and preference parameters, set the composition value hg(ℓg,k/ℓk) to zero, and solve

for the counterfactual allocations. I first estimate the new allocations in partial equilibrium,

using heterogeneous preference groups.44

Figure 8 illustrates that absent composition valuations, female employment would in-

crease in mostly male occupations. I estimate that if workers did not value gender compo-

sition, female employment would rise by 10% in the most male occupations and fall slightly

in mixed gender occupations. The changes in men’s employment have similar patterns, but

41Mas and Pallais (2017) find a 20% WTP to avoid a schedule that is set on short notice, and Wiswall
and Zafar (2018) find that women have a 7% WTP for an option to work part-time, e.g.

42Corradini et al. (2022) find a Brazilian trade union’s female-centric agenda increased the provision of
female-friendly amenities and increased female demand for these jobs.

43These results suggest that the evidence for tipping found in Pan (2015) may come from a combination
of larger composition preferences in the past and endogenous amenities or social norms. Although Schelling
(1971) suggests that tipping can occur with very small composition preferences, this result assumes that
items in the choice set are otherwise identical.

44I observe the 2-digit occupations of survey respondents and impute allocations by gender and prefer-
ence class across 6-digit Census occupations using the observed allocations of survey respondents to 2-digit
occupations and allocations within 2-digit occupations across 6-digit Census occupations in the CPS.
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are more muted. Thus, workers’ valuations of gender composition have nontrivial effects on

occupational employment, particularly for women in very male occupations.45

Figure 8: Change in Occupational Employment if Composition Preferences are Removed

Note: This figure shows a binscatter of the average percent change in occupational employment in a coun-
terfactual allocation without composition preferences (counterfactual employment - true employment/true
employment) against the average true female share of the occupations in that bin. The y-axis value of 0.01
corresponds to a 1% change. I impute employment in each Census occupation by class using the survey-
reported aggregate occupations crosswalked with the distribution of Census occupations within aggregated
occupations in the CPS.

In partial equilibrium, I keep wages fixed to their true values at the occupation-gender

level. In general equilibrium, I allow wages to adjust in response to changes in worker

allocations across occupations by gender. In general equilibrium, allocations move less but

wages change more: the gender wage gap due to sorting falls from 4.7% to 4.1% when

composition preferences are set to zero.46

A simple way to measure the cost of segregation is to calculate the equivalent variation

(EV) for making one’s occupation 50% female. The average EV is positive—0.4% for women

and 1% for men—but it is larger for the female-preferring group of both men and women—

0.7% for female-preferring women and 2.8% for female-preferring men. Notably, men gain

more utility from desegregation than women, because they are less likely to be sorted in

accordance with their composition preferences. The EVs vary widely across individuals,

with those in very segregated jobs benefiting much more from desegregation.47

45I include additional statistics on the changes in wages and overall gender segregation absent composition
preferences in the online appendix. Overall, the changes in employment are not large enough to have a
substantial effect on the average degree of segregation.

46In Appendix Table B.1 and Online Appendix Table III.3, I include full results from this exercise.
47The online appendix provides further detail of the EVs, including their distribution across individuals.
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5.6 Correcting Sorting Externalities

Reallocation may improve welfare in this context because composition valuations create a

sorting externality: individuals do not take into account the effects of their entry into an

occupation on the utility of others in that occupation. I solve a modified social planner’s

problem and conclude that utility could be improved by reallocating workers to reduce segre-

gation. A minority-gender-specific wage or amenity subsidy in very segregated occupations

could achieve similar utility gains.

In a true social planner’s problem, to maximize total utility, holding wages fixed, we

would choose an allocation of workers to occupations φ : i → k(i, φ) that maximizes the sum

of occupational utility across individuals:

max
φ

∑
i

{
log(wk(i,φ),g) + ak(i,φ),g + hg

(
ℓk(i,φ)f
ℓk(φ)

)
+ εi,k(i,φ)

}
.

Solving for this allocation in closed form is not straightforward due to the sum of extreme

value draws (Davis and Gregory, 2021), and simulating is computationally infeasible with a

large number of workers.

Thus, I approximate the solution by solving for a decentralized equilibrium using an

individual utility function which I augment to directly account for sorting externalities:

U ′
i,g = max

k

{
log(wk,g) + ak,g + hg

(
ℓkf
ℓk

)
+ εi,k+

ℓk,f
∂

∂ℓk,g
hf

(
ℓkf
ℓk

)
+ ℓk,m

∂

∂ℓk,g
hm

(
ℓkf
ℓk

)}
.

The additional terms account for the effect of individual i of gender g joining occupation k

on the utility of other women and men, respectively, in occupation k. Given this modified

utility function, I can solve for a new decentralized equilibrium which locally approximates

the social planner’s solution. In this exercise, I use a simple logit model rather than the

nested logit model for simplicity.

Figure 9 illustrates that the social planner would increase female employment in the

most male occupations by up to 20%, and increase male employment in the most female

occupations by up to 10%.

The social planner reallocates toward desegregation because both genders are the happiest

in jobs that are relatively gender balanced. Given that both men and women, on average,

dislike majority male workplaces, the social marginal utility of increasing female employment

in mostly male occupations is large. Men and women also dislike extremely female dominated
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Figure 9: Changes in Occupational Employment in Social Planner’s Solution

Note: This figure shows results from the social planner’s solution to maximize welfare by reallocating workers
across occupations. Here, I use average valuations by gender. This figure displays a binscatter of the
difference in the employment of an occupation (social planner - true) against the true female share of the
occupation. Dot size corresponds to occupational employment.

workplaces, but less than they dislike male dominated workplaces, so the social planner will

decrease female shares in these occupations by less than they change the female shares in

the mostly male occupations.48

The social planner overcomes the problem of the marginal gender minority worker. Al-

though both genders will be better off as an occupation becomes more gender mixed, one

woman (or man) will be reluctant to enter a majority male (or female) occupation because

one person cannot guarantee that others will follow. If individuals could collude to create

a large shift in the gender share of an occupation, desegregating would be easier, but in a

decentralized equilibrium individuals will be more likely to choose occupations that already

fit their preferred gender composition.

The solution to the planner’s problem suggests that desegregation is a desirable policy

goal because both men and women would potentially be better off if occupations, particularly

those with very high or very low female shares, were less segregated. This demonstrates that

policies that reduce the cost of entry into an occupation for the gender minority could be

fruitful. For instance, policies that improve female-centric amenities or subsidize education

for women in male-dominated occupations could help reduce segregation and benefit workers

of all genders.

48Notably, the female shares change slightly less in the most segregated occupations, because in these
occupations the gender difference in the residual amenity ak,g is so large that even with a higher female
share, these occupations still offer low utility for the gender minority. In addition, because the initial
number of women is so small, even increasing female employment by 20% does not have large effects on the
female share.
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6 Conclusion

In this paper, I study whether workers value the gender composition of their workplace and

how this affects occupational gender segregation and worker welfare. Using a novel online

survey, I estimate that both men and women are willing to trade off a nontrivial portion of

their wages for a job that has their preferred gender composition. I find that on average, both

women and men prefer gender-mixed jobs. Importantly, these preferences are heterogeneous

across individuals. I estimate that about half of women and men do not care about the

gender composition of their jobs, but the other half of women and men are willing to trade

off a nontrivial portion of their wages for a job with their preferred gender composition.

Older men and women are more likely to value gender homophily while men and women

with more progressive gender views are more likely to value female coworkers, suggesting

that gender norms may be important in explaining these preferences.

I use these estimated valuations in a structural model of occupation choice to assess

their implications for occupational gender segregation in the aggregate. I find that tipping

points in segregation are unlikely to result from current composition preferences. However,

composition preferences do matter for sorting. I find that if workers did not value the

gender composition of their occupation, the number of women working in majority male

occupations would increase by up to 10%. Additionally, because mostly female occupations

tend to have lower wages, removing gender composition preferences would reduce the portion

of the gender wage gap due to occupational sorting by nearly 10% in general equilibrium.

Finally, I show that reducing segregation could improve welfare. Making all occupations

evenly gender balanced would improve utility by the equivalent of a 0.4% wage increase for

women and a 1% wage increase for men, on average. In addition, a welfare-maximizing social

planner would reduce gender segregation, which would improve welfare.

In all, this paper shows that the gender composition of a workplace is an important

amenity that can have large consequences for occupation choice and worker welfare. This

complements our understanding of the importance of non-wage amenities for job choice by

showing that who performs a job may be as important as the benefits a workplace provides.
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Appendix A Data

A.1 Survey Descriptive Statistics

Table A.1: Survey Experiment Design Counts

Occupation Workplace Basic Amenity Icon Percent Total

Occupation — 1,986 2,187 0 166 160 4,499
Workplace 1,986 — 2,618 0 0 0 4,604
Basic 2,187 0 — 1,733 0 0 3,920
Amenity 0 0 1,733 — 0 0 1,733
Icon 166 0 0 0 — 0 166
Percent 160 0 0 0 0 — 160

Total Respondents 8,850

Note: This table shows the number of respondents who completed each job choice experiment. “Occupation” refers to the choice
between two occupations with random variation in whether the gender compositions of the occupations are shown. “Workplace”
refers to the choice between two workplaces in a fixed occupation and firm. “Basic” refers to the choice between two jobs where
no specific occupation is listed. “Amenity,” “Icon,” and “Percent” refer to variations on the “Basic” design where additional
amenities are listed, the gender share is shown using a graphic, and the gender share is shown as a percentage, respectively.

Whether survey results can be generalized depends on the heterogeneity of the treatment
effect of interest and of the survey sample. Reassuringly, several papers have found similar
results in experiments using online samples from Lucid and traditional random samples49 In
addition to the demographics in Table 1, I also compare the distribution of respondents across
other variables that are expected to co-vary with composition preferences, and find that they
are broadly consistent with the CPS. I compare the sample across other demographics in the
Online Appendix.

I compare gender attitudes in my survey to population-representative random samples
using questions from the General Social Survey (GSS) and the Pew American Trends Panel:

1. “Do you agree or disagree with the following statement: ‘It is much better for everyone
involved if the man is the achiever outside the home and the woman takes care of the
home and family.”’ (GSS)

2. “Some people say that because of past discrimination, women should be given preference
in hiring and promotion. Others say that such preference in hiring and promotion of
women is wrong because it discriminates against men. What about your opinion - are
you for or against preferential hiring and promotion of women?” (GSS)

3. “All things considered, who do you think has it easier in our country these days?” (Pew
American Trends Panel)

49See, e.g., Coppock and McClellan (2019) and Boas et al. (2020).
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Figure A.1: Female shares: Survey vs. CPS

This plot shows the distribution of occupational female shares in the CPS ASEC from 2014 through 2019 and my survey. I
calculate the female share of a respondent’s occupation by linking their reported occupation to that occupation in the CPS. I
group occupations at the level of the group headings of 2010 Census occupation codes. Survey-employer and survey-coworkers
refer to questions in which respondents report the female share of their employer and coworkers with their same occupation at
their employer.

Table A.2: Gender Attitudes

Survey Mean Survey Mean Rep. Sample
All Attentive Mean Source

Against man achiever, woman home 0.066 0.146 0.369 GSS
Men have it easier 0.269 0.317 0.261 GSS
For affirmative action for women 0.040 0.034 -0.249 Pew

This table shows the average value of each gender norms response transformed to a numerical index. The index goes from -1
to 1 with higher values representing, respectively more progressive norms. Full distributions of the answers are shown in the
online appendix.

A.2 Data Quality

I include several attention checks within my survey. I find that the majority of respondents
are attentive, and rates of attention are similar to incentivized job choice experiments found
in the literature. The average respondent completed the survey in 10.6 minutes, and the
median in 7.6 minutes. The online appendix shows more details on completion times.

My attention checks are: (1) Type number “13” in a text box (beginning of survey, de-
mographics section), (2) Select “disagree” in multiple choice (end of survey, gender attitudes
section), (3) Hypothetical job choice with identical jobs EXCEPT wages (middle of survey,
experimental section). Responses are shown in Table A.3. 50

50Alvarez et al. (2019) found that respondents who failed attention checks completed surveys faster, had a
higher incidence of “don’t know” responses, and provided lower-intensity responses regarding attitudes and
behavior.
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Table A.3: Attention check passing rates

Question Share correct Total responses

text entry 0.98 8850
multiple choice 0.87 8850
workplace choice (choose higher wage) 0.71 4604
occupation choice (choose higher wage) 0.87 6538

all attention checks correct 0.69 8850

This table shows the share of respondents who answered each attention check question correctly. Workplace choice refers to
the choice between two workplaces in a fixed occupation (here, teacher) and occupation choice refers to a choice between two
jobs where the specific occupation is not listed.

Finally, I evaluate the internal consistency of hypothetical choices. First, I compare the
choices of individual respondents who saw the same question twice and find that 87% made
the same choice both times. I also check for consistency across questions where individuals
chose between jobs with the same attributes twice, but possibly with different wages. I use
each answer to create bounds on the WTP estimate and check if the bounds are consistent.
In 98% of such cases, the bounds are consistent. Further details are included in the online
appendix.

A.3 Calculating the Willingness-to-Pay

Consider this example: a worker is choosing between jobs 1 and 2, with wages w1 and w2,
respectively. Job 2 has some attribute X that job 1 does not have. The worker’s utility
function is

Ui = βw ln(wj) + βXj + εij, (12)

where εij follows a type I extreme value distribution.

Then, the probability of choosing job 1 is

P (choose job 1|job 1, job 2) =
1

1 + exp(Xβ + ln(w2/w1)βw)
. (13)

The worker is then indifferent between the two jobs when this probability is .5, and the
difference between the wages exactly cancels out the utility from the amenity

.5 =
1

1 + exp(Xβ + ln(w∗
2/w

∗
1)βw)

, so exp(−β/βw) = w∗
2/w

∗
1. (14)

When the ratio between the wages in job 2 and job 1 is exactly equal to exp(−β/βw), the
worker will be indifferent between the two jobs. To express this as a percent of the wage in
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job 1, I take 1− w∗
2/w

∗
1, so

WTP = 1− exp

(
−β

βw

)
. (15)

A.4 Maximum Likelihood Estimation of Latent Class Logit Model

Let Hiq denote the prior probability of class q for individual i. Then the likelihood for
individual i is

Pi =

Q∑
q=1

HiqPi|q, (16)

and the log-likelihood for the sample is

lnL =
N∑
i=1

lnPi =
N∑
i=1

ln

[
Q∑

q=1

Hiq

(
Ti∏
t=1

Pit|q

)]
. (17)

I estimate Hiq and the parameters β jointly in a one-step maximum likelihood.

A.5 Channels and Robustness

(a) Female (b) Male

Figure A.2: WTP for Female Share, Robustness Checks

Note: This figure plots the willingness-to-pay for each possible female share for women and men. “All”: full sample (16495
questions to 1525 women and 13334 questions to 1234 men). “diff ≤ .1”: questions with a maximum difference of 10 ppt. between
hypothetical female shares (4723 questions to women and 3713 questions to men, same individuals as full sample). “occ diff ≤
.3”: questions where the difference between the self-reported female share of the respondent’s employer and the hypothetical
female share is less than 30 ppt. (4885 questions to 1404 women, 4005 questions to 1157 men). “self diff ≤.3”: questions where
the difference between the true female share in the occupation in the hypothetical question and the hypothetical female share
is less than 30 ppt (6523 questions to women and 5227 questions to men, same number of respondents as full sample). True
female shares: software engineer–20% female, insurance sales agent–50% female, retail sales–50% female, teacher–60% female,
nurse–90% female. Calculated using the ACS from 2015-2019 via Flood et al. (2018).
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(a) Female (b) Male

Figure A.3: WTP for Female Share by Occupation in Workplace Choice, Female

Note: This figure plots the willingness-to-pay for each possible female share for women, split by the occupation listed in the
hypothetical workplace choice.

(a) No Occupation Listed in Choice (b) Additional Amenities

Figure A.4: WTP for Female Share, Experiment Variants

Note: This figure plots the willingness-to-pay for each possible female share for men and women in the hypothetical choice with
no occupation listed on the left, and with no occupation listed where additional amenities are included on the right. Amenities
include schedule (fixed, flexible, or variable); hours (part-time or full-time); probability of promotion; and probability of layoff;
as well as the original demographic characteristics. Sample: left–14,400 questions to 2703 women and 12,385 questions to 2319
men; right–5,382 questions from 897 women and 4,962 questions from 827 men.

Appendix B Model

B.1 Tipping math derivation

As noted in Section 5.4, to generate tipping we need

λ

fk
<

∂

∂fk
hf (fk).
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If I assume that the preference function has the form hf (f) = −a+ bf − cf 2 (as it does
in the survey results), I can simplify the condition to λ < (b − 2cf)f. To create tipping,
this condition need only be met for some value of f , so we can simply check to see if the
maximum of the righthand side is greater than λ. The term bf − 2cf 2 is maximized at
f = b

4c
. Evaluating at this point gives us the minimal condition that

λ <
b2

8c
.

Where, for this to work, it must be the case that 0 < b
4c

< 1.

I can do the same exercise for men, but now in the labor supply function we take deriva-
tives relative to male labor supply, or 1− f , so the original tipping condition becomes

λ

1− f
<

∂

∂1− fk
hf (fk)

which I simplify using the quadratic preference to λ < (−b + 2cf)(1 − f). The righthand
side is maximized at f = 2c+b

4c
. Evaluating at this point gives us the minimal condition for

tipping among men that

λ < −b+
(2c+ b)2

8c
,

where, again, it must be the case that 0 < (2c−b)2

8c
< 1.

Including endogenous amenities gives the following conditions:

λ <
(b+ α)2

8c
for women, and λ < (α− b) +

(b− α + 2c)2

8c
, for men.

B.2 Model Results
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Table B.1: Changes in Gender Wage Gaps: No Gender Composition Preference

nested logit standard logit
heterogeneous preference average preference
survey wages and shares CPS wages and shares

no composition preference no composition preference
TRUE all female only TRUE PE GE

Wage Gap (Female-Male) -.259 -.258 -.258 -.225 -.224 -.223

Wage Gap (Male Wage) -.110 -.109 -.108 -.080 -.079 -.077

Wage Gap (Female Wage) -.081 -.081 -.080 -.047 -.046 -.041

Note: The wage gap is measured as the mean male minus female wage divided by the male wage,
wm−wf

wm
. This table shows

results from a counterfactual exercise where I eliminate composition preferences and re-calculate allocations and wages across
occupation and gender. I use the WTPs estimated in the latent class logit model in Section 3.3.In the “male wage” row, I
set wf,j = wm,j and calculate overall wage gaps given true allocations, and vice versa in the “female wage” row. In partial
equilibrium (PE) wages are fixed, in general equilibrium (GE) I allow wages to adjust as allocations change. I calculate the GE
counterfactual only in the average preference case because distinguishing preference types in wage setting is not straightforward.
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