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1 Introduction

Hours and wages differ substantially across occupations, which has important implications for

inequality (Autor and Dorn, 2013; Goldin, 2014). To explain this pattern, recent work points to

non-linearities and heterogeneity in occupational production technologies (Goldin, 2014; Goldin

and Katz, 2016; Erosa et al., 2024). But hours and wages are equilibrium outcomes, and also

depend on workers’ preferences, and on tightness in the labor market. We introduce a tractable

equilibrium search and matching model with rich multidimensional heterogeneity to study the

importance of all three channels. We estimate the model to look at how equilibrium hours and

wages are determined across occupations in the United States, and consider consequences for

gender equality.

The model builds on the separable Transferable Utility (TU) framework of Choo and Siow

(2006) and Galichon and Salanié (2022). Their model allows for the match surplus to be a non-

linear function of the preferences of workers and firms, who differ in observed and unobserved

ways. We extend the framework by introducing search frictions, and allow agents to direct their

search efforts as in Moen (1997). On the one hand, this allows the model to better rationalize the

coexistence of unemployed workers and vacant jobs, which are the consequence of coordina-

tion failures instead of voluntary choices (see the discussion in Chade et al. (2017)). On the other,

because firms commit to posted wages, the matching problem has an Imperfectly Transferable

Utility (ITU) structure, in which market tightness affects equilibrium wages and hours (Legros

and Newman, 2007; Galichon et al., 2019).

We introduce a static model of the labor market in which equilibrium wages and hours are

the outcome of a two stage process. Firms first post job vacancies that specify wages and hours

to attract their preferred type of worker. Workers simultaneously apply to their favored positions

after observing all postings. The wages that firms offer at different hours reflect heterogeneity in

the productivity of hours, but also account for workers’ heterogeneous preferences over leisure,

and competitively price in the probability of filling the vacancy as in Moen (1997). The number

of matches between workers and firms across different numbers of hours depends on the en-

dogenous application decisions of workers, which are in turn a function of the match surplus

and tightness in the market.
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To estimate the model, we combine several datasets from the United States. The main source

of data is the latest American Community Survey (ACS, wave 2022), provided by the Integrated

Public Use Microdata Series (IPUMS), from which we take individual level data on wages and

hours and compute matching patterns across worker types and occupations. We focus on a

sub-sample of college graduates in high earning occupations as in Goldin (2014). The second

data source is the National Labor Exchange (NLx) Research Hub’s job vacancy database. This

is a dataset with over 300 million job postings by firms, and contains information about the

occupation and state for each individual vacancy. We use this data to construct occupational

job vacancy distributions by state, which we scale using aggregate counts from our third source

of data, the Job Openings and Labor Turnover Survey (JOLTS).

The first main result about occupational wages and hours is in line with the narrative of

Goldin (2014) and Goldin and Katz (2016) on the importance of occupational heterogeneity pro-

duction technologies. We find substantial differences in the perceived value of productivity of

hours across occupations. Long hours (defined as 50 or more per week) are substantially more

productive than full time hours (35 to 50 per week) in Business occupations, but not in Health,

Tech, Science, or Others. This translates into large wage premiums and a substantial fraction of

employees working long hours in Business occupations but not elsewhere. For part-time work

(less than 35 hours per week) we find the opposite patterns, a result that is also in line with the

non linear production functions introduced in Goldin (2014).

We also document an important role for bargaining power as a determinant of hours and

wages. Particularly in Business occupations, where we find that the number of searching firms

substantially exceeds the number of searching workers. The perceived bargaining weights of

firms in Business occupations are between 0.30 and 0.40, compared to the average of about

0.44. This pushes up the average wages in these occupations by about 14% compared to the equal

weight benchmark. We find the opposite in Science occupations, where firms’ bargaining weights

are about 0.60, pushing down wages by roughly 6%. We also find heterogeneity in workers’

preferences for hours across occupations, but these are less important in shaping equilibrium

wages, except in Health occupations.

We then look at how these different channels shape wage inequality between men and women

through several counterfactual exercises. We first study what happens when we reduce firms’
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incentives to reward long hours – as suggested in Goldin (2014). To this end, we remove the pro-

ductivity premium for working long hours in Business occupations, and study the counterfactual

distributions of wages and hours. We also consider a counterfactual where bargaining weights

are equalized at 0.50 across occupations.

Outline. The remainder of this paper is organized as follows. Section 2 discusses related

literature. Section 3 presents the model. Section 4 introduces the data and presents descriptive

statistics. Section 5 discusses estimation. The results are discussed in section 6. Section 7

concludes.

2 Related Literature

Hours and Earnings. This paper is related to the literature that studies the non-linear relation

between hours and earnings that started with the early work of Cogan (1981) and French (2005).

Recent papers by Goldin (2014) and Goldin and Katz (2016) argue that these non-linearities dif-

fer across occupations due to heterogeneity in production technologies leading to compensat-

ing differentials as in Rosen (1974, 1986). Erosa et al. (2022) and Erosa et al. (2024) incorporate

these ideas into a classic Roy (1951) model to study how occupational differences in hours affect

wage and earnings inequality, and Jang and Yum (2022) provides a dynamic life-cycle extension.

These papers focus on the sorting of workers faced with exogeneously determined nonlineari-

ties in the wage profile. We instead consider an equilibrium model where the wage distribution

is completely endogenous. This means that contrary to these papers we do not need to make

prior assumptions about the relation between productivity, hours, and wages. We also allow

for richer heterogeneity on both sides of the market and study counterfactual simulations that

allow for equilibrium effects.

We also contribute to the substantial body of empirical work that studies non-linearities

through penalties for part-time work (Macpherson and Hirsch, 1995; Aaronson and French, 2004;

Manning and Petrongolo, 2008) and premiums or penalties for long hours (Kuhn and Lozano,

2008; Goldin, 2014; Yurdagul, 2017; Cortés and Pan, 2019; Mantovani, 2023). Recent work by Bick

et al. (2022) summarizes the cross sectional patterns as a hump-shaped relation between hours

and wages, with substantial occupational heterogeneity in where wages are maximized. We add
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to this literature by studying the foundations of these penalties and premiums.

Models of Matching. The model introduced in this paper builds on the large literature that

estimates models of (search and) matching with transfers. We build on the approach introduced

in Choo and Siow (2006) that introduces additive random preference shocks on both sides of

the market. This approach is widely used to explain matching patterns in the marriage market

– for example in Dupuy and Galichon (2014), Siow (2015), Chiappori et al. (2017), or Chiappori

et al. (2020) – but has seen limited applications to labor markets. There are exceptions in Dupuy

et al. (2020), Dupuy and Galichon (2022), Corblet (2023), and Dupuy et al. (2023), but these pa-

pers primarily focus on specific high skill and low friction markets. This is mainly because their

models abstract from search frictions, which implies that workers are essentially unemployed

voluntarily, which is at odds with the large literature that argues for the importance of frictions

in the labor market (e.g. the work following Shimer and Smith (2000)). We add to this literature

by introducing search frictions into the model of Choo and Siow (2006) and differ in terms of

application.

Related work by Jaffe and Weber (2019) and Ciscato (2024) introduces search frictions into

Choo and Siow (2006) by allowing for heterogeneous meeting costs between agents of different

types.1 The main difference is that they impose market-clearing conditions at the aggregate level,

whereas in our model firms post wages to different disaggregated sub-markets, and workers

apply to their single preferred position. Because firms commit to their posted wages, utility is

imperfectly transferable (ITU) as in Legros and Newman (2007) and Galichon et al. (2019). This

allows for tightness in the sub-markets to affect the endogenous matching terms – hours of

work in our model – a channel that is shut down in perfectly transferable utility (TU) models.

An alternative way to allow for the market structure to affect the matching terms is discussed in

Mourifié and Siow (2021), but comes at the cost of having no clear structural interpretation.

Two other related papers by Arcidiacono et al. (2016) and Beauchamp et al. (2024) introduce

directed search in a similar matching model with additive random preference shocks. But in

order to separately identify male from female preferences without observing transfers, these

papers make the assumption that utility is not transferable (NTU). The implication of doing so

is that any concessions between potential match partners are ruled out, which is an unrealistic
1See also San (2024) who models social connections in the labor market in a similar fashion.
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assumption in our modern labor market setting. Other models of directed search with transfers

in the labor market such as Eeckhout and Kircher (2010), Kaas and Kircher (2015), and Schaal

(2017) differ in scope, and typically study longitudinal dynamics and conditions for assortative

matching, whereas we focus on explaining hours and wages through two-sided multidimensional

heterogeneity. Related work by Michelacci and Pijoan-Mas (2012) also studies hours and earnings

in a model with search frictions, but focuses on the relation between wage dispersion and long

hours. Mantovani (2023) estimates the importance of changes in the returns to long hours over

time in a frictionless ITU matching model.

This paper is also related to the literature on hedonic pricing that followed from Rosen (1974)

and Ekeland et al. (2004). While we focus on working hours, the model can include and price any

other job characteristic. These characteristics can be modeled either as endogenous outcomes

or as fixed exogenous firm or occupation characteristics. We extend the classic hedonic pricing

framework by simultaneously considering a model of matching in the labor market. This is also

a feature of the model by Dupuy (2021), but he abstracts from frictions and focuses on migration

decisions in the marriage market.

3 The Search and Matching Model

This section introduces an equilibrium matching model with directed search and endogenous

wages and hours.2 The labor market is populated by workers i ∈ I and firms j ∈ J who can

match one-to-one.3 Firms post vacancies that specify the wage, the number of hours, and the

type of worker they want to attract. Types are defined based on observable characteristics, and

are discrete and multidimensional. We denote workers’ types by x = (1, 2, ..., X), firms’ types

by y = (1, 2, ..., Y ), and hour types by h = (1, 2, ...,H). Workers apply simultaneously to their

preferred vacancies. Because of coordination failures and imbalances in supply and demand,

some jobs remain vacant, and some workers unemployed.

Labor Supply. Workers apply to the job that maximizes their utility. We model the utility of a
2While this paper focuses on hours, the model works with any other endogenous job characteristic.
3In one-to-one matching models, job and firm are used interchangeably. This is equivalent to a one-to-many

matching setting, where several workers may be matched to the same firm if the value of production is separable
between the different jobs a firm offers (see Roth and Sotomayor (1989)).
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worker i of type x searching for a type y job with h hours as the sum of a systematic component

and an idiosyncratic preference shock:

uxiyh = mθxyh(αxyh +Wxyh) + ξxiyh. (3.1)

The first term of the systematic utility mθxyh is the worker’s probability of finding a job. We follow

Menzio and Shi (2010) and Schaal (2017) and model this job finding probability as a Constant

Elasticity of Substitution (CES) function of market tightness θxyh, which is defined as the ratio of

posted vacancies to searching workers:

mθxyh = (1 + θλxyh)
1
λ . (3.2)

To assure that this function is concave increasing, such that more firms relative to workers in-

creases the worker’s job finding probability, and maps to the unit interval, we assume λ < 0. The

job finding probabilities of workers are multiplied with their valuation of this job, which depends

on wages Wxyh and the value of amenities offered αxyh. The idiosyncratic shock ξxiyh captures

individual worker i’s preference for jobs of type (y, h), and rationalizes why workers of the same

type search for different jobs.

Labor Demand. Firms post the vacancy that maximizes their profits. We also model profits

with a systematic component and a shock specific to firm j:

πxyjh = qθxyh(ρxyh −Wxyh) + ηxyjh. (3.3)

The first term of the systematic component qθxyh represents the firm-side probability of hiring

a worker, which we assume to be a decreasing function of market tightness.4 The probability

of hiring a worker is multiplied with the systematic profits that workers generate, which are

modeled as their productivity value ρxyh net of the wage bill Wxyh. Note that the productivity of

hours is allowed to vary by worker and firm type. We again introduce a shock ηxyjh that captures

the idiosyncratic preference of firm j over workers of type (x, h). This shock rationalizes why
4We follow the literature and define qθxyh =

mθxyh

θxyh
. Concavity of mθxyh suffices to ensure that tighter markets

reduce the firm’s probability of hiring a worker.
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firms of the same type search for, and match with, different types of workers.

3.1 Model Solution.

The equilibrium matching and wage functions are determined in two stages. Firms first decide

on the type of vacancy to post. This choice incorporates a trade-off between profits and the

probability of filling the vacancy. Workers observe all the offers that firms have posted, and then

decide where to apply. Their application decision is based on an analogous trade-off between

match quality and the probability of finding a job. This is reflected in the equilibrium wages,

which are determined as a function of workers’ preferences, firms’ technologies, and bargaining

power as captured through tightness in the labor market.

Equilibrium Wages. We first solve for optimal wages and market tightness. The equilibrium

problem can be stated as firms maximizing profits (3.3) subject to workers’ utilities (3.1):

max
θ,w,x,h

{
qθxyh(ρxyh −Wxyh) + ηxyjh

}
s.t. uxiyh = mθxyh(αxyh +Wxyh) + ξxiyh.

(3.4)

We substitute out wages and solve for optimal market tightness to recover the equilibrium wage

function as in Wright et al. (2021):

Wxyh =
(
1− ϵθxyh

)
ρxyh − ϵθxyhαxyh, (3.5)

with ϵθxyh the elasticity of matching with respect to market tightness, defined by:

ϵθxyh := θxyh
m′

θxyh

mθxyh

. (3.6)

The equilibrium wage function (3.5) has an intuitive interpretation. Wages increase in produc-

tivity ρxyh and decrease in amenities αxyh. But the extent to which firms reward workers for their

increased productivity – or workers sacrifice wages for better amenities – is entirely determined

by the elasticity term, which is a function of market tightness. Wages are thus determined as if

they were bargained over, with bargaining weights equal to ϵθxyh ∈ (0, 1), a decreasing function
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of market tightness. When there is slack in the labor market, firms face little competition, and

ϵθxyh → 1. Wages are then set to just reward workers for their disutility, as Wxyh → −αxyh. When

markets become more tight, ϵθxyh → 0 and workers are paid the entire value of production as

Wxyh → ρxyh.5

Wage Premia. We can study premiums and penalties to part-time work or long hours within

a worker-firm match as:
Wxyh

Wxyh′
= P(∆α,∆γ,∆ϵ), (3.7)

where h is a typical full-time position and h′ the part-time or longer hour alternative. The pre-

mium or penalty associated with deviating from a full time position is a function of the differ-

ence in preferences, production technologies, and bargaining weights between the two options.

This differs from the frictionless transferable utility benchmark – which we obtain by setting the

matching probabilities and market tightness at one. The wage premium is then pinned down

only by preferences and productivity.

Equilibrium Matching Patterns. We can substitute the equilibrium wages back into the prim-

itives of the model to obtain the following indirect utility and profit functions:

Ūxiyh = mθxyh(1− ϵθxyh)Φxyh + ξxiyh, (3.8)

Π̄xyjh = qθxyhϵθxyhΦxyh + ηxyjh, (3.9)

where Φxyh denotes the systematic joint surplus of a match, defined by:

Φxyh := αxyh + ρxyh. (3.10)

The utility and profits thus increase in the joint surplus Φxyh and in respectively the fraction

captured by workers (1− ϵ(θxyh) and firms ϵ(θxyh).

We assume that the preference shocks on both sides of the market are iid Type 1 Extreme

Value distributed following Choo and Siow (2006).6 Then, utility and profit maximization imply
5Note that this requires ρxyh > −αxyh, or equivalently Φxyh > 0, such there are gains to be made from matching.

The alternative cannot be sustained as an equilibrium outcome.
6This assumption can be relaxed using the tools introduced in Galichon and Salanié (2022).
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the following conditional labor supply (S) and demand (D) functions:

Sy,h|x := exp
(
mθxyh(1− ϵθxyh)Φxyh

)
ax, (3.11)

where: ax =

(∑
y

∑
h

exp
(
mθxyh(1− ϵθxyh)Φxyh

))−1

,

Dx,h|y := exp
(
qθxyhϵθxyhΦxyh

)
by, (3.12)

where: by =

(∑
x

∑
h

exp
(
qθxyhϵθxyhΦxyh

))−1

.

These functions allow us to recover the equilibrium matching patterns. Let Mxyh denote the

number of (x, y, h) matches, Mx0 the number of unemployed workers of type x, and M0y the

number of vacant positions of type y. The matching patterns are then defined by:

Mxyh = mθxyhSxyh = qθxyhDxyh, (3.13)

Mx0 =
(
1−mθxyh

)
Sxyh, (3.14)

M0y =
(
1− qθxyh

)
Dxyh. (3.15)

Equilibrium Hours. We can use equation (3.13) to study how the equilibrium number of hours

is determined in each occupation. Let h again denote a full-time arrangement and h′ the part-

time alternative. The fraction of workers in full-time as opposed to part-time jobs is then deter-

mined by:

Mxyh

Mxyh′
=

mθxyh

mθxyh′
exp(mθxyh(1− ϵθxyh)Φxyh −mθxyh′ (1− ϵθxyh′ )Φxyh′) = H(∆Φ,∆θ), (3.16)

with relatively more or less workers in full time positions when H(∆Φ,∆θ) ≶ 1. Note that the

hours function H(∆Φ,∆θ) takes both the match surplus Φxyh and market tightness θxyh as ar-

guments. This is different from the TU model7, which we can recover by setting θxyh = θxyh′ ,

where the fraction of workers in part-time jobs is then pinned down solely by the difference in

the match surplus ∆Φ, with more workers in full-time positions when Φxyh > Φxyh′ .
7This property of TU models is extensively discussed in Mourifié and Siow (2021).
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Characterizing the Equilibrium. The following adding-up restrictions hold in equilibrium:

∑
y

∑
h

Dxyh = nx for all x

∑
x

∑
h

Sxyh = fy for all y,
(3.17)

where nx denotes the total number of workers of type x and fy the total number of firms of type

y. Together with an equation for market tightness, which can be derived from the supply and

demand functions, the system obtained by substituting the supply and demand functions into

this set of adding-up restrictions exhausts the equilibrium conditions of the model:

∑
y

∑
h

exp
(
mθxyh(1− ϵθxyh)Φxyh

)
ax = 1 for all x, (3.18)

∑
x

∑
h

exp
(
qθxyhϵθxyhΦxyh

)
by = 1 for all y, (3.19)

where: θxyh = exp
(
[qθxyhϵθxyh −m(θxyh)(1− ϵ(θxyh))]Φxyh

) fy
nx

by
ax

. (3.20)

Equilibrium: Existence and Uniqueness. We show existence of a unique equilibrium in ap-

pendix A.3. We do so by first showing that that a unique solution θ∗ exists that satisfies the

market tightness equation (3.20). This solution can then be plugged into the mappings (3.18) and

(3.19), which we show to be a contracting system of X + Y equations in the same number of

unknowns ax and by. This also highlights the approach we use to compute the equilibrium. We

start from an arbitrary guess on the parameters and on market tightness. For these values, we

can solve the system defined by (3.18) and (3.19) to obtain a solution for ax and by. This solution

allows us to update the value for market tightness through (3.20). These steps are iterated until

convergence.
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4 The Data

4.1 Data

Labor Market and Unemployment. We use the latest wave of data (2022) from the American

Community Survey (ACS) provided by the Integrated Public Use Microdata Series (IPUMS). The

ACS is representative for the United States in terms of demographics and labor market outcomes.

We select a sample of individuals in the labor force who are between the ages of 25 and 64. We

remove individuals that are self-employed or in marginal employment – defined as working less

than ten hours per week or less than forty weeks per year. We only keep individuals who hold

a college degree and are currently, or were in the last five years, employed in a high earning

occupation as defined in Goldin (2014). This yields a sample of 130,934 respondents.

Job Vacancies. We construct the occupational distribution of job vacancies within each state

based on job postings from the National Labor Exchange (NLx) Research Hub dataset. The NLx

data collects vacancies from companies’ career websites, states’ job vacancy banks, and the

United States federal jobs portal, and attempts to cover all real job postings in the United States.

Roughly one third to one half of the job vacancies in the Job Openings and Labor Turnover Survey

(JOLTS) are accounted for in NLx openings8. We scale the vacancy distributions through aggre-

gate counts for each state obtained from JOLTS. More information on this data can be found in

Appendix A.4.1.

Aggregation into Types. We aggregate workers, hours, and occupations into discrete types.

Workers are characterized by their gender, potential experience, and type of degree. We con-

struct potential experience by discretizing the measure of Acemoglu and Autor (2011) into more,

or less than ten years.9 The type of degree distinguishes between low and high earning fields.

This distinction is made using k-means clustering of average earnings for each degree, similar

to Almar et al. (2023). This leads to X = 8 different types of workers.10 We discretize hours as

in Bick et al. (2022), who distinguish between part-time (less than 40 hours per week), full-time

(between 40 and 50 hours per week), and a long hour (more than 50 hours per week) positions,
8The numbers differ between states and increased substantially over the years since the early 2010s.
9Their measure is an updated version of Park (1994), which relies on information about average degree completion

times across demographic groups to construct potential experience.
10The definition and number of types is chosen to maximize the explained wages, while keeping the model

tractable for our structural estimation.
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such that H = 3. The occupations are defined by the categories introduced in Goldin (2014),

which distinguish between business, health, technology, science, and other occupations, such

that we have Y = 5 types. This means that we have 120 sub-markets. We observe these submar-

kets across different independent markets z, which are distinguished by their census divisions

(aggregating several states) of which there are Z = 9.

4.2 Summary Statistics

Table 1 presents a summary of the estimation sample, which consists of almost 135,000 workers

in the United States. The vast majority of them are employed (≈ 98.5%) because the sample

consists of higher educated workers who (used to) work in high earning occupations. Because

we focus on higher educated workers, women slightly outnumber men, at 52.7 as opposed to

47.3%. But men are significantly more likely to have a high earning degrees than women, at 51%

as opposed to 21%, while experience levels are relatively similar. The main difference in terms

of occupations is that women are substantially more likely to work in health occupations than

men, who work more in tech and other occupations. When we look at working hours, we find

that almost no men work part-time, compared to roughly 10% of women. On the other hand,

only 16% of women work part-time, as opposed to 27% of men. The raw gender gap in monthly

wages is about 40%, which shrinks to roughly 30% when we look at hourly wages.

We disaggregate the data further in Figure 1. Panel a highlights differences in long hours

across worker types and occupations. The first takeaway is that hours differ substantially across

occupations. This is the focus of recent work by Erosa et al. (2022). We find that in Business and

Other occupations – which notably includes law occupations – about a quarter of employees

works long hours.11 In Tech and Science there are already substantially less employees working

long hours (about 20%). In Health occupations the fraction that works long hours is only 10%.

The second main takeaway is that hours differ substantially within occupations across worker

types. For example, in Business, more than one in three men (M) with a high earning degree (HD)

and high experience (HE) work long hours. This is more than double the fraction of women (W)

in the same group, among whom 16% works long hours, and of men with a low earning degree
11The group of ’Other’ occupations contains law occupations, but also construction managers, non-retail sales

workers, licensing inspectors, and architects.
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Table 1: Summary Statistics

Men Women Total
Observations

Employed Respondents 61,921 69,013 130,934
Unemployed Respondents 884 967 1,851

Demographics
High Earn. Degree 0.51 0.21 0.35
High Exp. 0.78 0.76 0.77

Occupations
Business 0.49 0.44 0.47
Health 0.11 0.4 0.26
Tech 0.22 0.06 0.14
Science 0.04 0.03 0.03
Other 0.14 0.08 0.11

Hours
Part-Time 0.02 0.1 0.06
Full-Time 0.7 0.74 0.72
Long Hours 0.27 0.16 0.22

Wages
Avg. Month. Wage (in k$) 6.49 4.6 5.49
Std. Dev. Month. Wage (in k$) 4.72 3.08 4.06
Avg. Hr. Wage (in $) 34.13 26.25 29.98
Std. Dev. Hr. Wage (in $) 22.4 15.32 19.41

Notes. Summary statistics for the main estimation of workers from the United States. Based on data from the Ameri-
can Community Survey (ACS, 2022). The selected sample consists of higher educated workers in specific occupations
as in Goldin (2014) – see the discussion in section 4.1.

(LD) and low experience (LE), among whom 23% works long hours. While the differences are the

largest in Business and Other occupations, we also find large differences in health, where about

7% of women with low experience and a low earning degree work long hours, as opposed to

men with a high earning degree and low experience, where the fraction is just over 20%. We find

comparable differences in Tech, but not in Science occupations, where differences across worker

types are relatively small. Panel b show that part-time work also differs substantially between

occupations and across worker types. In all occupations, except for Health, the fraction working

part-time is relatively small. But even within Health occupations, essentially only women work

part-time.

Looking at earnings in Panel c we again see substantial heterogeneity, with Business and
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Figure 1: Hours and Wages by Types
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(c) Earnings by Type
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Notes. Hours and wages by worker and occupation type in the United States. Data from the American Community
Survey (2022). Panel (a) shows the distribution of employees that work long hours (> 50 per week) across different
types of workers and occupations. Panel (b) shows the same distribution but for part-time hours (< 35 per week).
Panel (c) shows the distribution of monthly wages (in k$) across the same set of types. The abbreviations in worker
types distinguish between men and women (M/F), low and high earning degrees (LD/HD), and low and high experience
(LE/HE).
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Tech occupations paying the highest monthly wages (on average roughly 6,000$). The average

across the other occupations is roughly 1,000$ lower. We see that men with high earning degrees

and high experience earn the highest salaries on average, and particularly in Business and Tech

occupations. Women and men with low earning degrees and low experience earn the lowest

average salaries, with no notable differences across occupations. There are again substantial

differences between groups within each occupations, with the largest differences again being in

Business occupations, where men with high earning degrees and high experience earn more than

twice as much (about 8,600$) than men or women with low earning degrees and low experience

(between 3,600 and 4,000$). This difference is notable because it does not reflect differences in

part-time work, which is low in all these groups as seen in Panel b.

Heterogeneity Across Markets. We plot the marginal distributions – the sum of matched and

unmatched workers and firms – across occupations and worker types for different markets in Fig-

ure 2. We need some variation in types across markets to identify the search friction parameter,

as discussed below in section 5. When the marginals are identical, the same primitives should

lead to the same outcomes in terms of matching patterns and wages, and we would have no

variation to exploit. We find that the distribution of both worker and firm types are overall quite

similar across markets but with some notable heterogeneity. For example, in Panel a we see that

in the West North Central market, roughly 35% of the population consists of women with low

earning degrees but high experience. In the Pacific market this group makes up only about 25%

of the population. We find differences in the distribution of occupations of similar order in Panel

b. In the Mid Atlantic market about 47% of employees in our sample are employed in Business

occupations, whereas in the East South Central market this is only about 40%.

5 Maximum Likelihood Estimation

Observations. We observe individual-level data on matches between workers and firms in several

independent markets z ∈ Z. This allows us to recover matching patterns by type, denoted by

M̂xyhz for (x, y, h) matches, M̂x0z for unemployed workers of type x, and M̂0yz for vacancies of

type y. We denote the marginals by Nxz and Fyz . We also observe a noisy measure of wages
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Figure 2: Workers and Firms across Markets
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(b) Occupations by Market
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Notes. This figure documents the total number of workers (both employed and unemployed) and jobs (both filled
and vacant) of each type across Census Divisions in the United States. The data used to construct this figure are a
combination of the American Community Survey (2022), the Job Openings and Labor Turnover Survey, and the job
vacancy database by the National Labor Exchange’s Research Hub. The abbreviations in worker types distinguish
between men and women (M/F), low and high earning degrees (LD/HD), and low and high experience (LE/HE). These
are the values referred to in the model by Nxz and Fyz .

Ŵijkz that relates to the true equilibrium wage by:

Ŵijkz = wxyhz + δijkz, with δijkz ∼ N (0, s) iid, (5.1)

where δijkz is a centered Gaussian measurement error with standard deviation s.12

Identification. We briefly discuss how the model is identified with our data from several

identical (in terms of parameters) but independent markets z. Let Ω denote the complete set

of parameters in the model, which are workers’ amenity values (αxyh), firms’ productivity val-

ues (ρxyh), and the elasticity parameter of the matching function (λ). First note that both labor

supply and demand increase in the joint matching surplus Φxyh. The equilibrium matching pat-

terns thus inform the model about the match surplus as in Choo and Siow (2006). In addition

to matching patterns, we also observe equilibrium wages. These allow us to separate supply-
12We can allow for a richer measurement error distribution, for example by allowing for the error variance to

depend on (x, y, h).
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from demand side valuations as in Dupuy and Galichon (2022). To see this, note that equilibrium

wages in equation (3.5) increase in firms’ productivity value ρxyh but decrease in workers’ amenity

value αxyh. The final parameter we need to identify is the matching function elasticity λ. This

parameter governs the shape of the worker-firm bargaining frontier – we can see this explicitly

by substituting (3.8) into (3.9). As discussed in Galichon et al. (2019) variation across indepen-

dent markets can be exploited to matching patterns across independent markets to identify this

parameter. More details can be found in Appendix A.3.1.

Parameterization. We parameterize the model with a flexible specification. The value of

amenities is modeled as:

αxyh =
∑
x,y,h

1αx×y×h
, (5.2)

where 1αx×y×h
are dummy variables for each worker - occupation - hour combination. The disu-

tility of working a given number of hours is thus specific to each worker-firm match.

The productivity function is parameterized as:

ρxyh =
∑
x

1ρx +
∑
y,h

1ρy×h
, (5.3)

where 1ρx are dummy variables for the different types of workers. We thus allow for heterogene-

ity in how firms value workers of different experience and with different degrees. The second set

of dummies 1ρy×h
are for occupation - hour combinations, allowing for the productivity of hours

to be occupation-specific.

5.1 Estimation

We estimate the parameters of the model through maximum likelihood. The estimation proce-

dure consists of solving the model for a given parameter vector Ω and using the model equations

to equate the predicted matching patterns and wages to the observed ones.

The Likelihood Function. We split the likelihood function into three components. The likeli-

hood contribution of employed individuals consists of a part that aims to equate the predicted

matching distribution to its sample counterpart and a component that aims to equate predicted

to observed wages. The contribution of unemployed individuals only aims to equate predicted
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and observed matching patterns. Note that we need to integrate out over their search decisions,

on which we have no data. The contributions of vacant positions are analogous.

The log likelihood contribution of an individual observation can thus be expressed as for

each market z as:

log lijk(Ω) = 1ijk=xyh

(
logMxyh|Ω −

(
ŵijk −Wxyh|Ω

)2
2s2

− log s

)

+ 1i=x0

log
∑
y,h

Mx0|Ω

 (5.4)

+ 1j=0y

log
∑
x,h

M0y|Ω

 ,

where 1ijk=xyh is an indicator that equals one if observation ijk is a match of type (x, y, h), 1i=x0

is an indicator for observation i being an unemployed person of type x, and 1j=0y is an indicator

for observation j being a vacant position of type y. Taking account of our sample consisting of

several independent markets z, the estimated parameter vector Ω̂ solves:

Ω̂ = argmax
Ω

∑
z

∑
i

∑
j

∑
k

log lijk(Ω)

 . (5.5)

6 Results

6.1 Model Estimates

Productivity Parameters. We first look at how the (perceived) productivity of hours differs across

occupations in Figure 3. The first main result is consistent with the narrative of Goldin (2014).

We find that only in Business occupations long hours are substantially more productive than

standard full time hours. Here employees generate on average about 55.000$ per month when

working long hours compared to less than 40.000$ when working full time. As discussed ear-

lier this is reflected in substantial wage premiums (see section 4.1). In all other occupations,

differences in the perceived productivity of full-time and longer hours are negligible.

A second pattern in Figure 3 that is also consistent with Goldin (2014) is that part-time work
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Figure 3: Productivity across Hours and Occupations
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Notes. This figure shows the productivity estimates of hours for each occupation group. These are the estimates of
ρy×h in equation (5.2). Part-time employment in Business occupations is the omitted reference group.

is the least productive in Business and Other (which includes law) occupations. We find that in

Health and Science occupations, part-time work is substantially more productive than in Busi-

ness, and long hours are the least productive relative to full-time work. A notable group within

the health occupations are pharmacists, which is discussed in Goldin and Katz (2016) as being

characterized by relatively small productivity premiums due to low information costs associated

with the extensive use of computer systems to track clients.

Amenity Valuations. We now look at the final determinant of occupational hours and wages in

the model – how workers value hours differently across occupations. We interpret occupational

heterogeneity in the perceived amenity value as reflecting, for example, differences in other un-

observed aspects of temporal (e.g. being on call) or location (e.g. working from home) flexibility

that affect how workers feel about the number of hours. Figure 4 shows the average amenity

values across occupations and hours, integrating out over the worker type distribution. The first

main takeaway is that worker-side differences are about half as large in magnitude as firm-side
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heterogeneity in productivity. As expected, we find that workers dislike long hours more than

working full-time, particularly in Business, Tech, and Science occupations. We also find a strong

preference for full-time over part-time hours, which suggests that workers are willing to forego

some hourly wages for the increase in earnings associated with working more hours – this is

consistent with the literature, see for example Maestas et al. (2023). We find the largest effects

in health occupations, where workers in part-time and full-time positions perceive their ameni-

ties as particularly valuable. One interpretation for this result is that they perceive their work as

particularly meaningful – see Cassar and Meier (2018).

Figure 4: Amenities across Hours and Occupations
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Notes. This figure shows the productivity estimates of hours for each occupation group. These are the estimates of
αy×h in equation (5.2). Part-time employed men with low earning degrees and low experience in Business occupations
the omitted as a reference group.

Market Structure and Bargaining Weights. The final determinant of hours and wages in the

model are the market structure effects that determine the bargaining weights. We now look at

how the weights differ across occupations and hours by integrating out over the different markets
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and workers:

ϵyh =
∑
x,z

ϵxyhz ×Mxyhz

nxz
. (6.1)

We plot the bargaining weights in Figure 5. Note that these measures the firm’s bargaining power,

with firms being relatively more powerful if ϵyh > 0.5, and lie on the unit interval. First of all,

note that the average aggregate weight ϵ̄ that we obtain by also integrating out occupations and

hours is 0.44. This reflects the relatively tight nature of the labor market in the United States (see

for example Autor et al. (2023)). But the figure reveals substantial occupational heterogeneity.

In Business occupations firms’ bargaining weights only lie between 0.3 and 0.4. The excess de-

mand in these occupations thus further pushes up the wages. At the other end we have Science

occupations, where firms’ bargaining weights are roughly 0.6, pushing down wages. In Health,

Tech, and Other occupations bargaining power is relatively evenly distributed.

Figure 5: Bargaining Weights across Hours and Occupations
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Notes. This figure shows the bargaining weight estimates ϵθyh by hours and occupation group. We average across
worker types and markets through equation (6.1).
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6.2 Model Fit

We now look at Figure 6 to study how the model’s predicted wages and matching patterns com-

pare to those in the sample. The diagonal lines indicate a perfect model fit. We find that the

model replicates matching patterns in the data very well. The number of workers across hours

and occupations (Panel a) are very well replicated. The number of job vacancies across occu-

pations also matches well but the model generally predicts too many vacancies (Panel d). The

model also over predicts the degree of unemployment for most types of workers (Panel c). When

we look at the wage distribution we find that the model generally does not generate enough dis-

persion in wages (Panel b), and predicts a wage distribution that is too compressed.

6.3 Counterfactual Experiments

We consider two counterfactual scenarios. The first studies what happens when we change the

productivity of long hours in Business occupations. This allows us to test Goldin (2014)’s hy-

pothesis that the gender gap in earnings would be considerably reduced – and may disappear

altogether – if the incentives to reward long hours were not so high in Business occupations.

This counterfactual can be feasible because similar changes have occurred in other occupations

as shown in Goldin and Katz (2016). We operationalize it by setting the productivity of long hours

(ρyh) in Business occupations equal to that of full time hours. The second counterfactual stud-

ies the impact of bargaining power and considers what happens when we would equalize the

bargaining weights of workers and firms across all occupations. [to finish]

6.4 What Explains Productivity and Premiums and Penalties?

We now study which occupational traits can predict productivity premiums to long hours and

penalties to part-time work. To study this we regress a large set of job characteristics (skills,

work activities, and work styles) from the ONET database on the estimated parameters:

ρyh = c+ αSkillsij + βWorkActivitiesij + γWorkStylesij + ϵij . (6.2)
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Figure 6: Matching Patterns and Wages (observed vs. predicted)
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(c) Unemployment
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Notes. Model predictions and data moments on matching patterns and wages. The scatters are moments by worker
type × firm type × hours type × market, with dots on the 45° line indicating a perfect model replication of the
empirical patterns. The matching patterns are expressed in levels and monthly wages in 1000s of dollars.

We select a model using the LASSO procedure outlined in Belloni et al. (2012), which allows for

heteroskedastic errors and uses a data-driven method to select the penalty. [to finish]

7 Conclusion

This paper introduces a tractable search and matching model with endogeneous equilibrium

hours and wages. We build on the separable extreme value approach introduced in Choo and
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Siow (2006) but introduce search frictions as in Moen (1997). We use the model to study dif-

ferences in productivity, amenities, and bargaining power across occupations. The estimates

reveal substantial heterogeneity in the productivity of hours across occupations, and the main

patterns are in line with the hypothesis put forth in Goldin (2014). We also find an important role

for bargaining power, further pushing up wages in occupations where demand exceeds supply.

To conclude, we point out some directions for future research. A first extension would make

the model dynamic. This allows us to take into account how different hours choices can affect

human capital accumulation over the life cycle as in Michelacci and Pijoan-Mas (2012). Predicted

future benefits may be an important reason for workers to choose long hours. A second extension

of the model can introduce a model of the household. This opens up interesting questions about

the interaction between intra-household and labor market bargaining.
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A Appendix

A.1 Equilibrium Solution

We start from the equilibrium optimization problem:

max
θ,w,x,h

{
m(θxyh)

θxyh
(ρxyh −Wxyh) + ηxyjh

}
s.t. m(θxyh)(Wxyh + αxyh) + ξxiyh = uxiyh

We can substitute out the constraint to obtain:

max
θ,x,h

{
m(θxyh)(ρxyh + αxyh)− uxiyh + ξxiyh + ηxyjhθxyh

θxyh

}
(A.1)

The first order condition with respect to market tightness is:

uxiyh = Φxyh

(
m(θxyh)− θxyhm

′(θxyh)
)
+ ξxiyh (A.2)

We can substitute this into the constraint ot obtain a characterization of equilibrium wages:

Wxyh = (1− ϵ(θxyh)) ρxyh − ϵ(θxyh)νxyh, (A.3)

where ϵ(θxyh) is defined by:

ϵ(θxyh) := θxyh
m′(θxyh)

m(θxyh)
. (A.4)
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A.2 Equilibrium Solution with Taxation

We now introduce proportional income taxation into the model as in Dupuy et al. (2020):

max
θ,w,x,h

{
m(θxyh)

θxyh
(ρxyh −Wxyh) + ηxyjh

}
s.t. m(θxyh)(Wxyh + (1− τ)αxyh) + ξxiyh = uxiyh

We can substitute out the constraint to obtain:

max
θ,x,h

{
m(θxyh)((1− τ)ρxyh + αxyh)− uxiyh + ξxiyh + ηxyjhθxyh

θxyh

}
(A.5)

The first order condition with respect to market tightness is:

uxiyh = Φxyh

(
m(θxyh)− θxyhm

′(θxyh)
)
+ ξxiyh (A.6)

We can substitute this into the constraint ot obtain a characterization of equilibrium wages:

Wxyh = (1− ϵ(θxyh)) ρxyh − ϵ(θxyh)
αxyh

1− τ
, (A.7)

where ϵ(θxyh) is defined by:

ϵ(θxyh) := θxyh
m′(θxyh)

m(θxyh)
. (A.8)
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A.3 Equilibrium Existence and Uniqueness

Consider the following system of equations that exhaust the equilibrium conditions of the model:

∑
y

∑
h

exp
(
(1 + θλxyh)

(1−λ)/λΦxyh

)
ax = 1 for all x, (A.9)

∑
x

∑
h

exp
(
θλ−1
xyh (1 + θλxyh)

(1−λ)/λΦxyh

)
by = 1 for all y, (A.10)

where: θxyh = exp

(
θλ−1
xyh − 1

(1 + θλxyh)
(λ−1)/λ

Φxyh

)
ax
by

fy
nx

. (A.11)

We want to show that there exists a unique equilibrium solution (ax, by) to this system. We are

still only interested in the case where λ < 0 and Φxyh > 0. Note that we can rewrite the system

to obtain expressions that define ax and by as explicit functions of market tightness θxyh:

ax =

(∑
y

∑
h

exp
(
(1 + θλxyh)

(1−λ)/λΦxyh

))−1

for all x,

by =

(∑
x

∑
h

exp
(
θλ−1
xyh (1 + θλxyh)

(1−λ)/λΦxyh

))−1

for all y.

Thus, if a solution θ∗ exists that satisfies (A.11), we can evaluate these functions to obtain values

for ax and by. Since market tightness measures the number of searching firms over workers, we

consider only solutions on the strictly positive interval. We thus look for a root of:

G(θxyh) = θxyh − exp

(
θλ−1
xyh − 1

(1 + θλxyh)
(λ−1)/λ

Φxyh

)
ax
by

fy
nx

. (A.12)

The limits of (A.12) on the relevant domain are:

lim
θxyh→0

G(θxyh) = − exp(Φxyh) and lim
θxyh→∞

G(θxyh) = ∞.

The intermediate value theorem assures that at least one root exists, because G(θxyh) is con-

tinuous on the positive strictly interval. We now check whether the function is monotonous to
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assure uniqueness. The derivative can be expressed (after some rewriting) as:

G′(θxyh) = 1− Φxyh

θλ−1
xyh

(
θ−λ
xyh

(
θλxyh + 1

)) 1
λ
(λθxyh + λ− θxyh − 1)

θ2λxyh + 2θλxyh + 1
z,

where: z = exp

Φxyh

(
θ−λ
xyh

(
θλxyh + 1

)) 1
λ
(
−θxyh + θλxyh

)
θλxyh + 1

 .

The sign of the second term of G′(θxyh) is always the inverse sign of the surplus Φxyh, because

all components of the second term are positive, except (λθxyh + λ − θxyh − 1), which is always

negative under the parameter restrictions. Since the surplus is assumed positive, G′(θxyh) > 0

and G(θxyh) is strictly monotone.

Consider now the equations (A.9) and (A.10) as interdependent mappings in (ax, by):

Fx(ax, by) =

(∑
y

∑
h

exp
(
(1 + θλxyh)

(1−λ)/λΦxyh

))−1

for all x,

Fy(ax, by) =

(∑
x

∑
h

exp
(
θλ−1
xyh (1 + θλxyh)

(1−λ)/λΦxyh

))−1

for all y,

with: Fθxyh(ax, by) : θxyh − exp

(
θλ−1
xyh − 1

(1 + θλxyh)
(λ−1)/λ

Φxyh

)
ax
by

fy
nx

= 0.

We show that for an arbitrary θ∗ the mappings Fx and Fy are contractions. Note that Fθxyh(ax, by)

is monotone decreasing in ax and increasing in by. This implies that Fx(ax, by) is decreasing in

ax and increasing in by. The opposite is true for Fy(ax, by), which increases in ax and decreases

in by. This shows monotonicity. The system is also contractionary. [incomplete, to finish]
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A.3.1 Identification

This Appendix formalizes the identification argument discussed in section ??. We still consider

the setting where we have samples on equilibrium matching patterns and wages in multiple

segmented markets z. Note that we can express the observed matching patterns and wages in

terms of their nonlinear model expression as:

M̂xyhz = Sxyhzm(θxyhz) = exp
(
(1 + θλxyhz)

(1−λ)/λΦxyh

)
axzn̂xz(1 + θλxyhz)

1/λ, (A.13)

= Dxyhzq(θxyhz) = exp
(
θλ−1
xyhz(1 + θλxyhz)

(1−λ)/λΦxyhz

)
byz f̂yz(1 + θλxyhz)

1/λθ−1
xyhz, (A.14)

M̂x0z = Sxyhz(1−m(θxyhz)),

= exp
(
(1 + θλxyhz)

(1−λ)/λΦxyh

)
axzn̂xz

(
1− (1 + θλxyhz)

1/λ
)
, (A.15)

M̂0yz = Dxyhz(1− q(θxyhz)),

= exp
(
θλ−1
xyhz(1 + θλxyhz)

(1−λ)/λΦxyh

)
byz f̂yz

(
1− (1 + θλxyhz)

1/λθ−1
xyhz)

)
, (A.16)

Ŵxyhz =
ρxyh − θλxyhzαxyh

1 + θλxyhz
. (A.17)

To prove identification, we show that these non-linear equations are monotonic (and can thus

be inverted) in the parameters αxyh, ρxyh, and λ.

The Joint Surplus. The joint surplus Φxyh = αxyh + ρxyh can be identified from the number of

matches M̂xyhz increasing monotonically in the surplus. This can be shown by simply rewriting

either equation (A.13) or (A.14) as a linear function in exp (Φxyh). Note that we do not need to

consider how the surplus recursively enters the market tightness function, which can be shown

to be monotonic through the same argument.

Amenities and Productivity. Separate identification of the amenity and productivity terms,

given the joint surplus, follows immediately from the observation of wages. We can see from

equation (A.17) that, for positive market tightness values, equilibrium wages increase in produc-

tivity and decrease in amenities.

The Matching Function Elasticity. To show identification of λ we can rely on the proof in
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Beauchamp et al. (2024), who show monotonicity of the same matching function in λ. Note that

with observations on matching patterns and wages in a single market, the amenity and produc-

tivity terms would exhaust all data moments. With multiple markets, we can exploit variation in

matching patterns and wages across markets to identify additional parameters. Note that, since

we have only a single parameter in the matching function, observations in two markets suffices

for identification.
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A.4 Data

A.4.1 Job Vacancies

This appendix describes in detail how to construct and scale the distribution of job vacancies

over occupations for each state and year. We rely on two sources of data, which respectively

inform us about the total number of job vacancies, and the occupational distribution:

1. Vacancies: Levels. The Job Openings and Labor Turnover Survey (JOLTS) collected by the

Bureau of Labor Statistics (BLS) contains monthly data on the number of job openings and

hires at more than 20,000 establishments in the United States.13 This data is aggregated

into state-level time series on the number of job openings and the number of job openings

per unemployed worker.

2. Vacancies: Occupational Distribution. The National Labor Exchange (NLx) Research Hub

job vacancy database contains more than 150 million unique job postings. These vacancies

identify several job characteristics – of which we mainly use the state of employment and

the occupation. We discuss more features of the data in section A.4.2.

To construct the number of job vacancies at the state × occupation level, we first estimate

the distributions with the NLx vacancy data. We scale these distributions by the number of job

vacancies per unemployed worker (in the JOLTS) and the number of unemployed workers in our

sample (in the ACS) to obtain a final scaled count of vacancies for our sample.

A.4.2 The National Labor Exchange (NLx) Research Hub Database

We use a database on job vacancies provided by the Research Hub of the National Labor Ex-

change (NLx). The NLx is a non-profit online labor exchange operated by the National Associa-

tion of State Workforce Agencies (NASWA), which represents the workforce agencies of all states

in the United-States, and the DirectEmployers Association (DE). The vacancy data provided by

the NLx Research Hub is collected from several sources: companies’ career websites, states’ job
13A job opening in JOLTS is defined based on three conditions that need to be satisfied on the last business day

of the month: (i) a position exists and has work available, (ii) the job could start within thirty days, and (iii) there is
active recruiting for workers from outside of the establishment.
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vacancy banks, and the United States’ federal jobs portal. These vacancies are vetted to remove

duplicates and junk records. The data is available in real time, and historical snapshots have

been archived for almost fifteen years. These snapshots provide information on all vacancies

that were open on any given day, which allows us to select only those vacancies open on the last

business day of the month (as in JOLTS) to construct the occupational vacancy distributions.

Coverage. The NLx data aims to cover all real job postings in the United States. Table ?? shows

that, in recent years, almost XX% of the vacancies in the United States as estimated from JOLTS

are represented by an NLx vacancy.14 This is comparable to the data offered by lightcast.io that

has been used in Hershbein and Kahn (2018), Deming and Noray (2020), and Acemoglu et al.

(2022). These papers have furthermore argued that online job vacancies are relatively repre-

sentative in terms of occupations and industries. The main caveat, that high skill jobs are over-

represented and low skill jobs underrepresented, is also less important because of our focus on

higher earning occupations.
14But note that coverage in earlier years is significantly worse.
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A.5 Results

This appendix contains further results from the structural model.

Figure 7: Productivity Across Worker Types
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Notes. Productivity estimates of different worker types – averaged across gender.
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