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Abstract

Earnings premiums for long hours vary across occupations, shaping gender
sorting and inequality. The leading explanation emphasizes firm-side production
technologies, yet hours and wages are equilibrium outcomes reflecting worker pref-
erences and market structure. We build a directed search-and-matching model that
allows us to decompose the premium. Premiums compensate for the disutility of
long hours and bargaining power; productivity explains little in Tech, where premi-
ums approach 20%. This disutility is highest among women, who sort away from
long-hours jobs; these amenity differences account for 22% of the gender earnings
gap. In counterfactuals, general-equilibrium responses through market tightness

substantially change policy impacts.
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1 Introduction

There are substantial differences across occupations in the earnings premium associ-
ated with working long weekly hours.! As shown in Figure 1, U.S. premiums range
from below 10% in some clinical occupations to more than 35% in some business occu-
pations. These long-hours premiums are central to understanding gender inequality
at the upper end of the earnings distribution (Blau & Kahn, 2017), since women are
often less able to work long hours because they bear a larger share of home production
responsibilities.? To explain why these premiums vary so sharply across occupations,
Goldin (2014) and Goldin and Katz (2016) emphasize differences in how hours en-
ter firms” production function. In some occupations, long hours substantially raise
productivity, for example because client expectations or business models reward con-
tinuous availability, and this is reflected in large earnings premiums. In others, the
productivity gains from longer hours are more limited, and the associated premium is
correspondingly smaller.

Yet, as noted by Olivetti, Pan, and Petrongolo (2024), there is little empirical ev-
idence establishing production technologies as the primary determinant of occupa-
tional long-hours premiums. Because hours and wages are equilibrium outcomes, they
are shaped not only by firms’ technologies, but also by workers” preferences and con-
straints, and by the market environment in which workers and firms interact. When
working long weekly hours is more costly for workers, or when labor markets are
tighter and workers enjoy stronger outside options, equilibrium long-hours premiums
should adjust accordingly. Although we know little about the relative importance of
these forces, disentangling technology from amenities is central to designing policies
that reduce gender inequality, since the two call for very different responses.

This paper disentangles these forces by developing an empirically tractable search-
and-matching model in which hours and wages are jointly determined. Our model
embeds a directed-search environment as in Moen (1997), in which workers and firms
direct their search ex ante toward partners with particular characteristics under spe-

cific hours arrangements, thereby generating local submarkets.® Within these submar-

!Bick, Blandin, and Rogerson (2022) document that a substantial share of total hours is supplied by
individuals working more than 50 hours per week. A related literature finds sizable earnings premiums
associated with such long hours; see, for example, Bertrand, Goldin, and Katz (2010); Goldin (2014);

Cortés and Pan (2019); Mantovani (2023).
2See, for example, Aguiar and Hurst (2007); Adda, Dustmann, and Stevens (2017); Cortés and Pan

(2019); Kleven, Landais, and Segaard (2019).
3Directed search, in which workers and firms target specific submarkets rather than search randomly,

provides a tractable and realistic description of the labor market. See Peters (1984); Moen (1997); Eeck-
hout and Kircher (2010, 2018) for seminal contributions and Wright, Kircher, Julien, and Guerrieri (2021)

for a comprehensive overview.



Figure 1: Long-Hours Premiums by Occupation
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Notes. This figure shows the annual earnings premium associated with working long hours, by oc-
cupation, measured as the average percentage difference in earnings between long-hours jobs (>
50 hours per week) and regular-hours jobs (35-49 hours per week). Estimates are based on data
from the American Community Survey, pooled over the 2022-2024 waves. 95% confidence intervals
are based on 200 bootstrap replications. The results are qualitatively similar when controlling for
worker characteristics and region, and broadly consistent with those documented by Goldin (2014)
and Cortés and Pan (2019).

kets, firms post wages that reflect both the productive value of a worker under a given
hours arrangement and the probability of filling the vacancy, while workers choose
among jobs on the basis of wages, amenities, and hiring probabilities. The interaction
of these forces jointly determines equilibrium wages and hours. As a result, long-hours
premiums arise endogenously, vary across workers and jobs, and admit a natural de-
composition into three components: the utility costs of longer hours for workers, the
productivity gains from longer hours for firms, and differences in market tightness
across submarkets.*

We use this framework to address three questions. First, we assess the empirical
relevance of the Goldin hypothesis by estimating occupation-specific productivity pre-
miums for long hours. Second, we quantify the relative importance of productivity,
disutility, and tightness across occupations. Third, we examine the implications for
gender inequality, asking how each of these forces contributes to the gender earnings

“Long-hours premiums can be interpreted as compensating differentials (Rosen, 1986). In the
presence of search frictions, however, they need not equal the marginal worker’s valuation (Hwang,
Mortensen, & Reed, 1998; Lang & Majumdar, 2004). In our model wages reflect a tightness-dependent
split of surplus between workers and firms.



gap at the top of the distribution. We find that productivity premiums explain a smaller
share of cross-occupation variation than the Goldin hypothesis would suggest, with
worker disutility and market tightness playing substantial roles.

Our main methodological contribution is to introduce directed search into an equi-
librium matching model with two-sided unobserved heterogeneity a la Choo and Siow
(2006). We establish existence and uniqueness of a directed search equilibrium, in
which realized market tightness coincides with agents’ expectations, using results from
Berry, Gandhi, and Haile (2013). Building on Chiappori, Salanié, and Weiss (2017)
and Fox, Yang, and Hsu (2018), the model is identified from equilibrium matches and
wages observed across multiple segmented labor markets. The key intuition is that,
given the level of search frictions, matching patterns identify the joint surplus gener-
ated by a match. Observed wages then decompose this surplus into worker-side and
firm-side components. Variation in the composition of workers and firms across labor
markets identifies the search frictions themselves.

A distinguishing feature of our approach is that it only requires cross-sectional data
at the aggregate submarket level. Labor economists have made substantial progress in
understanding the role of non-wage amenities by exploiting job-to-job transitions in
highly granular linked employer-employee data, through reduced-form (Card, Car-
doso, & Kline, 2016; Sin, Stillman, & Fabling, 2022), structural (Sullivan & To, 2014;
Taber & Vejlin, 2020; Lamadon, Lise, Meghir, & Robin, 2024; Xiao, 2024; Morchio &
Moser, 2026), and combined approaches (Sorkin, 2018; Vattuone, 2026). Despite this
growing attention to non-wage amenities, long hours have received comparatively little
scrutiny, because detailed information on hours is generally available only through (re-
peated) cross-sectional surveys, which lack the richness needed for the linked worker-
firm approaches above.

We estimate the model on U.S. survey data pooled over 2022-2024. Three main find-
ings emerge. First, amenities matter more than productivity premiums in accounting
for the long-hours premium, and bargaining power plays a substantial role in sectors
such as Tech and Health. Second, our productivity estimates confirm the Goldin hypoth-
esis for Business occupations but qualify it for Tech: there, sizable premiums stem not
from productivity but from amenities and market tightness, as workers have a strong
disutility of long hours while tight labor markets grant them considerable bargaining
power. Third, the disutility of long hours is especially high among women, who there-
fore sort away from long-hours jobs and accept lower wages in regular-hours jobs. Gen-
der differences in amenities account for 22% of the gender earnings gap. The model
performs well out of sample. It closely reproduces the long-hours premium, which is
not targeted in estimation, and likewise matches observed measures of market tight-

ness. Reassuringly, our amenity estimates align with the survey-based estimates from



the discrete-choice experiments of Maestas, Mullen, Powell, Von Wachter, and Wenger
(2023), despite the two approaches drawing on entirely different data.

We conduct two counterfactual policy experiments to examine how the gender earn-
ings gap responds to interventions on opposite sides of the labor market. The first
operates on the demand side, eliminating the gender gap in how firms evaluate work-
ers’ productive value.” This perceived valuation gap accounts for 47% of the gender
earnings gap directly, but closing it eliminates 69% once general-equilibrium forces—
stronger relative demand for women, which tightens their labor markets and raises
their bargaining power—are included. The second operates on the supply side, reallo-
cating 20% of women from non-STEM to STEM degrees.® This reallocation narrows the
gap by only about 1 percentage point, because the same tightness channel now runs
in reverse: congestion in the submarkets women enter erodes their bargaining power
and offsets much of the sorting gain. Taken together, the experiments deliver two
lessons. First, general-equilibrium adjustment through market tightness can sharply
alter, and even reverse, a policy’s impact. Second, the gender gap stems mostly from
how women’s productive value is priced, not from how women sort across occupations.

Two strands of literature are most closely related to our paper. A first strand of re-
lated work studies how occupation-specific returns to long hours shape labor supply
and gender gaps, taking those returns largely as primitives. Erosa, Fuster, Kambourov,
and Rogerson (2022) provide a model-based quantitative assessment of the Goldin hy-
pothesis, showing that gender differences in home-production responsibilities can ac-
count for a substantial share of gender gaps in occupational choice, wages, and hours.”
Jang and Yum (2022) build a dynamic general-equilibrium model in which experience
accumulates differently in nonlinear occupations, and use it to explain the rising share
of women in such occupations and the narrowing of gender gaps in experience pre-
miums over recent decades. We share these papers’ emphasis on the importance of
hours-related returns for sorting and gender inequality, but we ask a different ques-
tion: rather than taking the cross-occupation pattern of long-hours premiums as given

and studying the supply-side responses that follow, we treat those premiums as equi-

These evaluations need not reflect actual productivity gaps by gender (e.g., from job tenure or job-
specific human capital); they may equally capture statistical discrimination in how firms perceive men’s

and women’s productivity, or taste-based discrimination.
The gender gap in STEM is a contributing factor to the gender earnings gap, since STEM fields pro-

vide access to higher-paying occupations (Black, Haviland, Sanders, & Taylor, 2008; Blau & Kahn, 2017;
Sloane, Hurst, & Black, 2021). A growing literature evaluates policy interventions aimed at increasing

women’s entry into STEM (Carrell, Page, & West, 2010; Breda, Grenet, Monnet, & van Effenterre, 2023).
7 A related analysis is Erosa, Fuster, Kambourov, and Rogerson (2024), who study wage and earnings

inequality between and within occupations and show that the interplay between heterogeneous tastes
for leisure and occupational nonlinearities in the hours-earnings relationship is central to explaining the

joint distribution of hours, wages, and earnings.



librium objects and examine where they come from. This requires moving beyond
competitive sorting to a frictional environment in which firms post wages and workers
direct their search, so that productivity, disutility, and market tightness can be sepa-
rately identified as components of the premium.

A second strand uses equilibrium search models to recover non-wage amenities
and decompose the gender wage gap. Flabbi and Moro (2012) develop a search-and-
bargaining model with wages and work-hours flexibility, and show that a sizable share
of women place positive value on flexibility such that reducing its cost would narrow
the gender wage gap. Closest to us in objective, Morchio and Moser (2026) estimate an
equilibrium search model with endogenous firm pay, amenities, and hiring on linked
employer-employee data, and find that compensating differentials explain roughly half
of the gender pay gap. Their focus is on firm-level amenities broadly construed rather
than on (long) hours specifically. We share with this strand the goal of recovering
non-wage attributes from equilibrium outcomes, but differ in market structure: by em-
bedding directed search rather than random search with bargaining, vacancy posting
responds endogenously and submarket tightness becomes a third determinant of equi-
librium wages alongside productivity and amenities. This margin is silent in Flabbi and
Moro (2012). It maps onto, but is conceptually distinct from, the within-firm bargain-
ing channel in Morchio and Moser (2026). In our model the surplus split is a property
of the submarket rather than of the worker-firm pair, with tightness operating as a

market-level margin that the within-firm focus of that paper leaves implicit.®

Outline of the paper. The remainder of this paper is structured as follows. Section 2
introduces our equilibrium directed search model in which wages and hours are jointly
determined. Section 3 discusses identification and structural estimation, using equilib-
rium matches and wages observed across multiple segmented labor markets. Section 4
describes the data. Section 5 presents our productivity and amenity estimates and the
associated earnings decompositions. Section 6 reports the findings of two counterfac-
tual policy experiments. Section 7 concludes. All proofs and additional results are in

the Appendix.

2 Directed Search with Endogenous Job Attributes

To understand what shapes long-hours premiums, we develop a directed search and
matching framework with two-sided heterogeneity in which wages and hours are jointly

endogenous.

8By taking a market-level perspective, we abstract from micro-level sources of bargaining such as
gender differences in salary negotiation (Bertrand, 2011; Leibbrandt & List, 2015).



2.1 Setup

Consider a labor market populated by workers i € 7 and firms j € J. Workers and
firms are grouped into mutually exclusive discrete types x € X and y € Y, respectively.
Let N, > 0 and N, > 0 denote the number of workers and firms of types x and y. Jobs
are characterized by a set of mutually exclusive discrete attributes z € Z, capturing non-
pecuniary aspects of employment. In our setting, it is useful to interpret Z as the set
of possible hours arrangements. More generally, however, these attributes may reflect
features such as workplace flexibility or in-kind benefits.

The search process is not random, but directed. In particular, we assume that both
workers and firms meet each other in endogenously chosen submarkets, indexed by a
triple (z,y, z). In such a submarket, workers of type z are searching for firms of type y
who offer hours 2. Likewise, firms of type y are searching for workers of type x who
seek hours z. In each submarket, workers match to firms one-to-one or remain unas-
signed.” Before further expanding on this, we will first describe the expected utility

and profit of workers and firms, respectively.

Expected utility. The expected utility of a worker ¢ of type z receiving a wage W in
submarket (z,y, 2) is given by

Usiyz = P(0y2)(Qayz + W) + €0y (1)

Here, a,,. captures the non-monetary amenities that are derived from a match. These
reflect a combination of preferences, social norms, and non-market constraints, which
our framework cannot separately identify.'® P(6,,.) denotes the job-finding probabil-
ity, which is a function of the degree of (sub-)market tightness 6,,. > 0. Tightness
is defined as the ratio of the number of vacancies and the number of searchers in the
market. Consequently, the first term gives the expected utility from searching, i.e., the
probability of finding a job multiplied by the total utility of a job in this submarket.'!
Finally, the random disturbance ¢,,,. reflects idiosyncratic differences in search costs
between workers. Such a disturbance rationalizes that observationally identical work-
ers sort into different types of jobs and hours arrangements.

Following Menzio and Shi (2010), we specify the job finding probability as a con-
stant elasticity of substitution (CES) function of market tightness:

Pb,,.) = (1+6,.)%. (2)

?In one-to-one matching models, firms and jobs are interchangeable. This is equivalent to firms hiring
multiple workers if the output is separable across jobs, see for example Roth and Sotomayor (1989).
0Treating the amenity term as such a composite is common in the literature; see, for example, Le Bar-
banchon, Rathelot, and Roulet (2021); Morchio and Moser (2026).
"We normalize the value of remaining unmatched to zero for both workers and firms.



Parameter A < 0 is the elasticity of substitution and captures the curvature of the job

tinding function, and thereby shapes the complementarity of the matching process.

Expected profit. Similarly, the expected profit of a firm j of type y paying a wage W

in submarket (x,y, ) is given by

szjz = Q(&ryz)(ﬂzyz - W) + nyjz, (3)

Here, p,,. captures the productive value of a match. It reflects a combination of true
match-specific productivity, firms’ perceptions or statistical inferences about produc-
tivity, and any taste-based component in how firms value an z-type worker with hours
arrangement given at z. The term Q)(6,,.) = PE%’;ZZ) denotes the hiring probability. Con-
sequently, the first term gives the expected profit from searching, i.e., the probability of
finding a worker multiplied by the productive value net of wages. Finally, the random
disturbance Nay,;~ CAPtUres idiosyncratic variation in screening costs across firms.
Equation (3) captures a key feature of our model. Even when two worker types
and 2’ are equally productive (p,,. = p.y.), firms may earn different expected profits
from matching with them, because the hiring probability depends on the tightness of
the submarket. As we show below, this generates equilibrium wage differences across
submarkets even at equal productivity: firms can pay lower wages in slacker markets,

where workers face worse outside options.

2.2 Directed Search Equilibrium

We now turn to a description of how workers and firms sort themselves in submarkets,

and formally discuss our equilibrium notion.

Wages. Wages are the central force allocating agents across submarkets: holding all
else fixed, a higher posted wage draws workers in and deters firms, shifting market
tightness. A firm’s wage and the tightness it faces are therefore jointly determined,
and in principle the firm would optimize over both. Following the competitive-search
literature (Montgomery, 1991; Moen, 1997; Wright et al., 2021), we instead assume
each firm is atomistic and posts wages taking as given the market utility that workers
can obtain by searching elsewhere. A single firm’s posting therefore does not move

this market utility. Formally, firms in submarket (z, y, z) solve

mwz/xx Q(exyz)(pxyz - W)7
subject to P(0,,.)(0yy, + W) = U,, (4)



where U, is the market utility of a worker of type z."> The participation constraint in
Equation (4) then implicitly defines a map W,,.(f,,.) between wages and tightness
in the submarket. Substituting this relation into the objective and solving the first-
order condition with respect to 6,,. yields the following expression for wages in this

submarket:!3

ny2<9xy2) = (1 - F(exyZ))pxyz - F(exyZ)O‘wyZ' (5)

Here, F(0,y.) = 0.y 1;((99;5:)) = 12%2 - which is the elasticity of the job-finding probabil-
ity with respect to market tightness. The term F'(f,,.) can be interpreted as the firm’s
bargaining power, while 1 — F'(6,,.) corresponds to the worker’s bargaining power.*
Indeed, the greater the worker’s bargaining power, the larger the share of productive
value p,,, that accrues to the worker.

Equilibrium wages in Equation (5) increase in productivity p,,. due to competi-
tion between firms, and decreases in the cost of work «,,,. due to competition between
workers. But the extent to which these forces matter is governed by tightness in the
labor market, through the matching function elasticity £'(6,,.) € (0, 1). The elasticity is
larger when there is slack in the market (¢,,. — 0), and firms can exploit their superior
bargaining positions to capture a larger share of the joint surplus.

To better understand the role of market tightness, note that in the slack limit when
6.,. — 0, we have F(0,,,) — 1 at interior values of the substitution elasticity. This
means that firms post wages to only just reward workers for their cost of employment,
at exactly —o,,.. When markets tighten, F'(6,,.) decreases, as many firms compete for
a limited number of workers. This pushes up wages, and in the limit when 0,,. — o
and F(0,,.) — 0, it allows workers to capture the entire value of production p,,.."

The elasticity of substitution A governs how responsive the perceived bargaining
weights F'(,,.) are to changes in market tightness. In the Leontief limit when A —
—o0, we have F'(6,,.) € {0, 1}, and wages are set such that the short side of the market
captures the entire match surplus. In the Cobb-Douglas limit when A — 0, we have
F(6.,.) = 0.5, and wages always split the surplus evenly, regardless of the market

conditions. At interior values, the perceived bargaining weights are a smooth function

12The idiosyncratic search and screening costs do not play a role in the determination of wages as they

are sunk costs once workers and firms have entered a submarket.
BIn this expression, market utility does not appear since its role is fully absorbed by tightness: a

higher U, requires a higher 6, to satisfy the participation constraint, and conditional on 6., the wage

is fully determined.
14 As pointed out by Wright et al. (2021), this approach to obtain equilibrium wages is equivalent to

workers and firms Nash bargaining over the match surplus, where the bargaining weight is given by the

job finding elasticity. This is essentially equivalent to the well-known Hosios (1990) efficiency condition.
5This assumes throughout that a;,, + psy- > 0 such that there are systematic gains from matching,

and maintains that \ < 0.



of market tightness.

Before turning to directed search, note that substituting the wage Equation (5) into
Equations (1) and (3) allows expected utility and profits to be written as functions of
market tightness:

U:viyz = f(gﬂij)(l - F(0$yz))®l’yj +5ac7;y27

R

EUzyz (easyz)

Ha:yjz = \Q(gwyz)F(0$yz)cI)zyi +77$ij7

R

Eﬁccyz (ea;yz)

(6)

where ®,,. = a,y. + psy. > 0 denotes the total surplus generated by an (z, y, z)-match.

Lemma A.1 in the Appendix implies that, ceteris paribus,

A
8Uxiyz Onyjz

d,,. O and

This is intuitive: greater market tightness benefits the bargaining position of workers

< 0,

(and should therefore increase their expected utility) while harming the position of

firms (and should therefore reduce their expected profit).

Unobserved heterogeneity. The disturbances ¢,,,. and 7,,,., reflecting idiosyncratic
search and screening costs, are assumed to be independently and identically distributed
according to a Type I Extreme Value distribution. This allows us to express optimal
choice behavior of workers and firms types in closed-form (McFadden, 1978).

To keep the analysis tractable, we impose separability of unobservables on both
sides of the market.'® Specifically, we assume that worker-side shocks ¢,,,. are inde-
pendent of which particular firm of a given type a worker matches with, and symmet-
rically that firm-side shocks 7,,,. are independent of the particular workers within a
given type. This is a strong assumption, as it rules out that interactions between the
unobservables on both sides of the market create additional surplus. In our empirical
application, we mitigate this concern in two ways. First, we restrict the sample to a rel-
atively homogeneous group by selecting only highly productive individuals from the
set of occupations defined in Goldin (2014). Second, we include rich observable type
classifications that capture a substantial share of systematic heterogeneity in the joint

match surplus.

Choice over submarkets. Optimizing expected utility and profitin Equation (6) leads
to a simultaneous two-sided discrete choice model. Conditional on their beliefs regard-

ing market tightness, both sides of the market search in a directed way over potential

1This is a common assumption in econometric models of two-sided matching (Choo & Siow, 2006;
Dupuy & Galichon, 2014). For applications on matching in the labor market, see, for example, Dupuy
and Galichon (2022) and Caldwell and Danieli (2024).

10



partners and hours. Workers search on the submarket that maximizes their expected
utility. The proportion of workers of type x searching for firms of type y with hours =
is given by

exXp (Urpyz (exyz))
Zy’,z’ exp (Uzy’z’ (sz’Z’))

Likewise, firms search on the submarket that maximizes their expected profits. The

;/UZ\JU = P;r [Uxiyz(eﬂfyz) = {Umy’z/(ecﬁy/z’)}y/%] = (7)

proportion of firms of type y searching for workers of type « with hours z is given by

exp (ﬁx_yz(em))
Zm’,z/ €xp (Hx/yz/ (ex/yz/))

From Equations (7) and (8), we can derive the total number of searchers on each side

7T£Z|y = ]_?71' I:Hmyjz(emyz) = {H$'yj2'<92?’yz’)}m’,z':| — (8)

of submarket (x,y, z):

v (0 =m0, N, and ST (8) =7l N,

vzl vzl 22ly

Ignoring general-equilibrium effects, Lemma A.2 in the Appendix implies that

oS 08 oS! oS!
vl g, 2l g, W g, and 2 >,
OHIyz ae:cy/z’ OHIyz aew’yz’

where (2/,y/,2') # (z,y, z). That is, the mass of workers of type = who choose to search
in submarket (z,y, z) is increasing in the tightness of that submarket. For firms, the
reverse holds: the mass of firms of type y that choose to search in the same submarket
is decreasing in its tightness. Moreover, an increase in tightness in another submarket
(x,y, 2') reduces workers” incentives to search in (x, y, z), with the reverse conclusion
again applying to firms.

Equilibrium tightness. For the beliefs of workers and firms over market tightness
0., to be self-supporting, in equilibrium those beliefs must coincide with realized
tightness. This leads to our formal notion of directed search equilibrium. An attractive
property of this equilibrium notion is that it does not require markets to clear, hence

allowing for frictional unemployment.

Definition 1. A directed search equilibrium is a market tightness vector 0* € © < R'f' xVixi2]
that solves the |X| x |Y| x |Z|-dimensional system of equations:

S7..(0)

zzly
z2 = ow o\’ R R 9
Oy 5w (0) Va,y, z 9)

yz|z

The equilibrium is unique if there exists only one such 6*.

11



The directed search equilibrium exists under the maintained assumptions and is
unique under an additional condition, typically satisfied when worker and firm types
are sufficiently heterogeneous. Together, these results ensure coherency and completeness

of the structural model in the sense of Tamer (2003).17
Proposition 1. A directed search equilibrium exists.

Existence follows from applying Brouwer’s fixed point theorem to Equation (9): the
equilibrium map is a continuous self-map on a compact convex domain, so a fixed

point always exists.

Proposition 2. Suppose there exists a submarket (x,y, z) such that, for all 6 € ©,

T (0)<; and w_ (0) <

) 10
yzlz V|| Z| zzly (10)

Then the directed search equilibrium is unique.

The proof verifies the connected weak substitutes property of Berry et al. (2013). It
suffices that there exists a submarket that is unattractive to both sides of the market
relative to the other submarkets a worker or firm of the same type could choose. The
condition is mild in two respects. First, it only needs to hold for a single submarket.
Second, the thresholds have a natural interpretation as the uniform-search benchmark.
For example, 1/(|)|| Z]) is the probability with which a worker of type = would direct
search to (y, z) if indifferent across all options. The condition therefore only requires
that the submarket be no more attractive than indifference.

By Jensen’s inequality, a sufficient condition for the inequalities in Equation (10)
to hold is that expected utility and expected profit each fall below their within-type

averages in some submarket (z,y, 2):

— 1 — —
U:p z 9:1: 2) S o s Ux 2! 9:)3 2" )5 and Hm z ex z H:p 2 x z!

y( y) |yHZ|y/§/ Y ( Y ) y( Y |XH ;, "y Y
for all 8 € ©.'® Such “bad corners” are typically present under sufficient heterogeneity
in worker and firm types: generically some submarket is less attractive to both sides
than the alternatives.

Equilibrium matches and wages. Market tightness is typically unobserved by the
researcher, since it requires information on the submarkets in which unmatched work-
ers search. It is therefore useful to characterize how the directed search equilibrium

maps into observable outcomes, namely equilibrium matches M,,. and wages W,..

7For every admissible set of primitives, the model delivers exactly one equilibrium outcome: exis-

tence guarantees coherency, uniqueness guarantees completeness.
8This is shown in Lemma A.5 in the Appendix.
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These objects will play a central role in Section 3, where we discuss identification and
estimation of the model parameters.

Equilibrium matches follow directly from the directed search equilibrium. In par-
ticular, the number of realized matches in submarket (z, y, 2) is given by

My = P(65,.)50,(6%) = Q(6%,.)52.,,(8%). (11)

zyz/Pyz|x TYZz

This expression reflects that the number of matches equals the number of agents (work-
ers or firms) entering the submarket multiplied by the probability of a successful match.
The two equalities follow from market clearing in each submarket. Similarly, the num-

ber of unmatched agents is given by

Mao = Y (1= P(0},.))5}.1.(6"),
(12)
Moy = (1= Q(0},.))5,,,(67).
Here, M, denotes the number of unemployed workers of type z, and M, the number
of firms of type y (vacancies) that remain unmatched.”” From Equation (5), we have
that equilibrium wages are given by

Wﬂﬁyz = (1 - F<0* ))pmyz - F<9* )azyz- (13)

TYz TYz

Across all submarkets, we stack equilibrium matches and wages in vectors M and W,

respectively.

3 Empirical Implementation

We now turn to identification and estimation. Following Chiappori et al. (2017) and
Fox et al. (2018), we assume that the researcher observes equilibrium matches and
wages across multiple segmented markets s € S.% In each market, the researcher can
construct consistent estimates M® and W*. For notational convenience, we stack these
objects into a single data vector, D= (1/\\/[1, \/7\\71, - MIS| , WIS ‘) . We denote the associ-
ated population object as D.

Note that number of unmatched workers and firms, given by Equation (12), do not give additional

independent information for identification as the accounting identities
Mao(6) + ). Myyz(0) = Noy  Moy(60) + > Myy-(6) = Ny,
Y,z T,z

must always hold.
20Note that the model is not identified from data on a single labor market, since there are 2| X'|| V|| 2| +1
unknowns but only 2|X||Y||Z| equations. As we discuss below, however, observing even one additional

market already generates substantial overidentification.
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Importantly, the researcher does not observe equilibrium market tightness, since
the search decisions of unmatched agents are unobserved. This constitutes a central
challenge, as market tightness is a key determinant of both match surplus and job-
tinding probabilities. Despite this limitation, we demonstrate that variation in the
marginal distribution of types across markets suffices to identify the model primitives
and, through the structure of the model, equilibrium market tightness. We assume that

all markets share the same surplus structure.

3.1 Discussion on Identification

The model is parameterized by submarket-specific amenity parameters (c,.) and pro-
ductivity parameters (p,,.), and the matching-function parameter (\). Let 3 collect
these model primitives. We assume that 3 is common across markets and exploit vari-
ation in the composition of worker types (/N,) and firm types (IV,) across markets for
identification. Such compositional differences shift market tightness and, in turn, in-
duce variation in equilibrium matching patterns and wages. This variation is used to
recover (3.

The key intuition for identification proceeds in three steps. Suppose for the mo-
ment that search frictions, captured by ), are known. First, the observed number of
matches in submarket (z,y, z) then reveals information about the total match surplus
®,,.: submarkets with higher surplus attract more searchers on both sides, and there-
fore generate more matches. Second, given this surplus, the observed wage W,,. sep-
arates ®,,. into its worker and firm components, «,,. and p,,.. Holding total surplus
fixed, a higher wage implies that the amenities a,,. must be lower, and conversely.
This is the standard compensating-differentials logic. Third, variation across multi-
ple submarkets provides the information needed to identify A itself. In the Leontief
limit when A — —o0, small surplus differences generate sharp differences in matching
volumes across submarkets, as most agents pile into those with high surplus. In the
Cobb-Douglas limit when A — 0, the same surplus differences produce more muted
variation in matches across submarkets.

Because the model is nonlinear and incorporates general-equilibrium interactions,
a full identification result is difficult to characterize analytically. The example below
nonetheless illustrates that 3 is generically identified, provided that labor market com-
position varies sufficiently across markets.

Example 1. Consider two labor markets, denoted by s and s, each populated by a single worker
type x and a single firm type y. The corresponding population counts are Ny = 10, N; = 15,
N;” = 10, and N;' = 20, so the two markets contain the same number of workers but s’ has
a third more firms. Suppose that there are two possible work arrangements, reqular hours z
and long hours ', and let By = (Quysz, Quysr, Payzs Py, A) = (2,0,0,1, —1) denote the true
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parameter vector. These parameter values imply that regular hours are associated with higher
amenities, but lower productive value, than long hours.
Calculations show that the Jacobian of D with respect to 3, evaluated at 3, is given by

00y~ 6ozxyz/ Opayz 6pxyz/ o\
omz,. [ 0.381 —0.389 0.381 —0.389 | —2.558]
oms , | —0.389 0.401 —-0.389 0.401 | —1.468

TYyz

oW —0.431 0.026  0.569 0.026 | —0.156

TYz

D(By) _ ow:, | 0016 —0.404 0016  0.596 | —0.124 |

= TYz

B o | 0449 —0475 0449 —0.475 | —2.775
o, | —0475 0510 —0.475  0.510 | —1.432

Yz

ows . | —0.384 0.041 0.616 0.041 | —0.249

TYz

owe' 0.025 —-0.340  0.025  0.660 | —0.193_

TYz -

The upper and lower blocks correspond to labor markets s and s', respectively. Within each
market, the first two rows give the derivatives of matches, and the last two rows the derivatives
of wages. Since the Jacobian matrix has full column rank, B is locally identified in an open
neighborhood of B,.*' The full-rank property reflects the three-step intuition developed above:

1. Matches identify the joint surplus, but not its components.

In the match rows, the columns for o, and p,, . are identical, and likewise for oy, and
Puy~- This reflects that matches depend on amenities and productivity only through the
total match surplus. Looking at the 2 x 4 matches block in isolation, the o and p columns
are perfectly collinear: observed matches alone may not disentangle both components. The
joint surplus itself, however, is identified conditional on the unknown parameter \.

2. Wages allow to decompose the joint surplus.

In the wage row W, the columns for o, and p,,,, have opposite signs, and likewise for
row W, .» and the columns for o, . and py,,... This reflects the compensating-differentials
logic. The entire 4 x 4 left-hand block therefore has full column rank: the wage rows break
the a-p-collinearity in the matches block, so that cuy., Cpysr, Puyz, ANA pyy. are jointly
identified within each market, conditional on the unknown parameter \.

3. Variation in market composition identifies the matching function elasticity.

The difference in the number of firms across s and s’ shifts equilibrium tightness, and
A governs how strongly those shifts translate into matching and wage outcomes. Non-
proportional rows across s and s" are the observable consequence, and provide the infor-
mation that pins down .

i %50) has full column rank, any nonzero local perturbation of 3 around 3, induces a change in

D(3). Our argument is related to the notion of local identification (Rothenberg, 1971; Lewbel, 2019).
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3.2 Estimation

To estimate the model, we combine a minimum-distance estimator with a nested root-
finding algorithm. The outer loop optimizes over the parameter space, and for each
candidate parameter vector the inner loop solves for the directed-search equilibrium

required to compute equilibrium matches and wages.

Minimum-distance estimator. Based on the observable implications of the model,
we estimate 3 by minimizing a loss function that penalizes the overall (weighted) dis-
tance between D(3) and D. In the outer loop, we solve

B =argmin (D-D(8)) 2 (D -D(g)),

where 2 is a positive definite weighting matrix. This estimator is consistent and asymp-
totically normal under standard regularity conditions.”” The optimal weighting matrix
that produces the smallest variance is equal to the inverse of the variance-covariance
matrix of the moments. We obtain an empirical estimate of this variance-covariance
matrix through a bootstrapping procedure. Standard errors for the parameters are ob-
tained analytically.

In the inner loop, we compute D(3) for each candidate parameter vector. We begin
by solving Equation (9) using the bisection method, a robust root-finding procedure.
We then use the resulting equilibrium market tightness to compute matching patterns
and wages via Equations (11) and (13).

Parameterization. To improve interpretability and mitigate the curse of dimension-
ality, we adopt a flexible yet parsimonious specification for both utility and profit pa-

rameters. On the worker side, we impose the additive structure
Quyz = Qgy + Qg + Q. (14)

This specification decomposes workers’ preferences into three easily interpretable com-
ponents. The term a,, allows workers of different types to value firm types differently.
The term «,. captures heterogeneity across worker types in preferences over hours
arrangements. Finally, «,. allows the value of different hours arrangements to vary
systematically across firm types.

On the firms’ side, we analogously specify

Pryz = Pay + Paz + Pye- (15)

This specification similarly separates productivity into three components. The term p,,,
captures systematic differences in productivity across firm types for workers of differ-

ent types. The term p,. allows the productivity value of different hours arrangements

22Gee Chapter 13 in Greene (2012) for a textbook discussion on minimum-distance estimation.
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to vary across worker types. Finally, p,. allows the productivity value of hours to vary
across firm types.

The decompositions in Equations (14) and (15) are not separately identified with-
out additional normalizations. More specifically, their individual components are iden-
tified only up to arbitrary additive shifts. For example, for any J,, the composite term
Oy is unchanged if o, is replaced by o, + d, and o, by o, — d,. The normalizations

we impose in the empirical application are detailed in Appendix B.2.

4 Data

This section introduces our main data sources and describes the construction of worker

and firm types. Additional details are provided in Appendix B.1.

Sample selection. The primary dataset is the latest three waves of the American Com-
munity Survey (ACS, 2022-2024), provided by the Integrated Public Use Microdata Se-
ries (IPUMS). We use the ACS to construct a sample of the high-end labor force in the
United States as in Goldin (2014). The sample consists of individuals between 25 and
64 years old who hold at least a bachelor’s degree. We distinguish between two sub-
samples. The employed subsample are those that work at least 35 hours per week and
40 weeks per year in a high earning occupation, as listed in Table 1. This corresponds
to the full-time and full-year restriction, and the same set of occupations, that is also
studied in Goldin (2014). Because most individuals in this segment of the labor market
work full-time and full-year, this removes just 12.6% of the sample. We also drop 2.5%
outliers of the earnings distribution on both ends. The unemployed subsample is also
restricted to those that hold at least a bachelor’s degree.

The second main dataset consists of individual job vacancies, and is provided by
the National Labor Exchange (NLx) Research Hub. They collect online postings from
companies’ career websites, state job banks, and the federal jobs portal. The NLx at-
tempts to cover all online vacancies in the United States, and represents roughly half of
all openings as estimated in the Job Openings and Labor Turnover Survey (JOLTS) by
the Bureau of Labor Statistics (BLS).” We use the NLx data to construct occupational
vacancy distributions across regions, using almost 30 million unique postings. We then
scale the distributions using adjusted JOLTS estimates on the number of vacancies per

unemployed worker and the turnover rate.

BComparable commercial vacancy data from the Burning Glass Institute with similar coverage has
recently been used by Deming and Noray (2020) and Acemoglu, Autor, Hazell, and Restrepo (2022).

17



Table 1: Types of Occupations

Business Health Tech Science Other

Lawyers and Judges Medical Practicioners Comp. Programmers Natural Scientists Training & Teaching
Exec’s and GMs Adpv. Clin. Prof. Engineers Social Scientists ~ Other

Managers Clin. Prof. Cybersec. & Infrastr.

Financial Ops

Business Ops

Sales

Notes. Classification of occupations into types. The individual occupations within each type can be
found in Appendix B.1.

Worker and firm types, and hours. We group workers, firms, and hours into discrete
categories based on observable characteristics. Workers are classified into |X| = 16
types along four dimensions: gender, age (younger or older than 40), education (Bach-
elor’s only or Master’s and above, MA™), and undergraduate field, which we split be-
tween Science, Technology, Engineering, and Mathematics (STEM) and Arts, Humanities,
and Social Sciences (AHSS). Occupations are grouped into |)| = 16 types, following
the classification of Goldin (2014) that distinguishes Business, Health, Tech, Science, and
Other occupations. Table 1 lists the occupational types, and Appendix B.1 provides the
underlying detailed occupations. Hours are classified as regular (35 to 49 per week) or
long (50 or more), following Cortés and Pan (2019). Average hours within each cate-
gory are comparable across occupations and worker types, at roughly 40 and 55 hours
per week, respectively. Taken together, the model has |X'| x | V| x| Z]| = 16 x 16 x 2 = 512

submarkets.

Segmented labor markets. Following Ciscato and Goussé (2024), we define markets
as the four U.S. macro-regions (Northeast, Midwest, South, and West). Variation in the
composition of workers and firms across these markets identifies the search frictions,
and yields substantial overidentification: the number of empirical moments exceeds
the number of structural parameters. Appendix B.3 documents substantial variation

in the marginal distribution of worker and firm types across macro-regions.

5 Estimates and Decompositions

We begin our discussion of the results by illustrating the in-sample and out-of-sample
model fit and by presenting the main parameter estimates. We then decompose the
long-hours premium, examining in each occupation how much of the earnings differ-
ence reflects firm-side productivity premiums, as opposed to compensation for work-
ers’ cost of longer hours or labor market tightness. Having established why long-hours
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premiums emerge, we turn to their implications for gender inequality.

5.1 Model Fit and Estimates

Model fit. Figure 2 illustrates the in-sample model fit by plotting the observed match-
ing patterns and wages in each submarket against their predicted model counterparts.
The diagonal line represents a perfect fit. Panel (a) shows that the model replicates
matching patterns very well, with a correlation between observed and predicted val-
ues of 0.98; this also implies that hours in the model align closely with those in the
data. Panel (b) shows that the model also replicates earnings well, with a correlation
of 0.86.

Figure 2: Model Fit: Matches and Earnings

(a) Matches (b) Earnings

3.5
6 p=0.98 0.20 p=0.86 4
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log(Observed Matches)
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log(Observed Earnings)

0.05 204 1

T T T T T 0.00 15 T T T 0
-2 0 2 4 6 15 20 25 3.0 3.5

log(Predicted Matches) log(Predicted Earnings)

Notes. This figure shows the model predictions against the data moments. Panel (a) highlights the fit
of matches, and Panel (b) the fit of earnings. Both matching patterns and earnings are expressed in
logs. The color scale highlights the density of observations obtained from a kernel estimator.

In Figure 3, we document how closely our model matches non-targeted moments
in the data. Panel (a) plots the model-implied log long-hours premium against its ob-
served counterpart by occupation. The correlation is high, and the model reproduces
the ranking across occupations well: occupations with large observed long-hours pre-
miums in Figure 1, such as Financial Operations, Lawyers and Judges, and Executives and
General Managers, also appear at the top of the model-implied premiums. Panel (b)
shows the share of workers in each occupation working long hours, both in the data and
as implied by the model. Reassuringly, the model again matches these shares closely.

We also validate the model-implied tightness. Although tightness is not directly
observable in the data, we can construct rough proxies that are closely tied to market-
level tightness. Specifically, we compute two measures: the match-to-vacancy ratio,
defined as the number of matches M,,,. in submarket (z,y, 2) divided by the number
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Figure 3: Model Fit: Long-Hours Premium and Long Hours by Occupation
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Notes. This figure shows the model predictions against the data moments. Panel (a) compares observed

and predicted long-hours premiums by occupation, and Panel (b) compares the share of workers work-

ing long hours. The hours premium is expressed in logs.

of unfilled vacancies in occupation y; and the match-to-unemployment ratio, which

instead divides by the number of unemployed workers of type x. Figure 4 presents

the model-implied ratios. Both the match-to-vacancy and the match-to-unemployment

ratios align closely with their data counterparts.

Figure 4: Model Fit: Match-to-Vacancy and Match-to-Unemployment Ratio

(a) Match-to-Vacancy by Occupation Type
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(b) Match-to-Unemployment by Worker Type
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Notes. This figure shows the model predictions against the data moments. Panel (a) highlights the fit

of the match-to-vacancy ratio by occupation, and Panel (b) the fit of the match-to-unemployment ratio

by worker type. Both predicted and observed ratios are expressed in logs. The color scale highlights

the density of observations obtained from a kernel estimator.
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Productivity estimates. Figure 5 presents estimates of the productivity premium firms
derive from employees working long hours, as measured by p,.. Several occupations
with large earnings premiums, such as Lawyers and Judges and Executives and Gen-
eral Managers, also exhibit large productivity premiums, consistent with the narrative
in Goldin (2014) that occupational long-hours earnings premiums reflect production
technologies. However, the relationship is far from one-to-one. The clearest deviation
is in the Tech occupations: Cybersecurity & Infrastructure and Computer Programmers ex-
hibit sizable long-hours premiums of close to 20% (see Figure 1), yet show little to no
added productive value from working longer hours. As we show below, the bulk of
this premium reflects tightness in long-hours markets rather than productivity gains.
This deviation cautions against conflating productivity and earnings premiums and

motivates the equilibrium decomposition that follows.

Figure 5: Estimates: Productivity Premium by Occupation

I:‘ Business I:' Health I:l Tech I:' Science I:' Other
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Notes. This figure shows the estimated productivity premium of long hours (p,,) for each occupa-
tion, expressed as a percentage of regular-hour productivity. Higher values indicate occupations
where long hours generate proportionally more output. The 95% confidence intervals are based
on the asymptotic variance of the minimum distance estimator.

Amenity estimates. Figure 6 presents estimates of the utility workers derive from
working regular hours by worker type, as measured by «,.. Several patterns stand
out. First, women value regular hours more than men do: conditional on occupation
(that is, fixing «,.), men are willing to give up about 19% of their wages to work reg-
ular rather than long hours, compared with about 26% for women. These estimates

are consistent with prior findings that women place a higher value on shorter hours
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Figure 6: Estimates: Amenity Premium by Worker Type
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Notes. This figure shows the estimated utility cost of working long hours (o) for each worker

type, expressed as a percentage of mean wages in long-hours jobs. Higher values indicate a greater
disutility from long hours relative to regular hours. The 95% confidence intervals are based on the
asymptotic variance of the minimum distance estimator.

(Flabbi & Moro, 2012; Wiswall & Zafar, 2018), and younger women with a STEM BA
exhibit the highest premium for regular hours. Second, conditional on gender, younger
workers dislike long hours more than older workers do, likely reflecting constraints on
flexibility associated with young children at home.? Third, conditional on gender and
undergraduate field, workers with MA* degrees value regular hours less than those
with only a BA. This may reflect selection—individuals anticipating a higher tolerance
for long hours invest more in graduate education—or differences in the anticipated
returns to long hours across degree levels. Finally, conditional on gender, age, and ed-
ucational attainment, the differences between STEM and AHSS workers are relatively
small, with the gap amounting to only a few percentage points in most cells. This lim-
ited heterogeneity in preferences over regular hours across undergraduate fields im-
plies that most of the observed cross-field variation in long-hours shares (see Figure B.1
in the Appendix) reflects occupational sorting.

In Appendix B.3, we also present estimates for workers” preferences for regular

hours by occupation, as measured by «,.. We find that the disutility for working long

24This is consistent with the literature on labor supply changes around parenthood (Adda et al., 2017;
Kleven et al., 2019). We cannot identify this channel directly, because our model does not incorporate
family dynamics, though our estimates remain consistent with this interpretation. An alternative mech-
anism is a difference in preferences, namely that younger workers systematically place greater value on
work-life balance than older workers.
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hours is especially large in some Business occupations. However, contrasting these es-
timates with the corresponding productive value by occupation, as measured by p,.,

the former are smaller than the latter.

Elasticity of substitution estimate. The elasticity of substitution is estimated at A =
—0.74. To understand what this means in practice, consider its implications for how
the match surplus is divided between workers and firms. When workers and firms
are equally numerous, workers capture exactly 50% of the surplus. When workers
outnumber firms two-to-one this falls to 37%, and when they outnumber firms four-
to-one, to just 26%. Market tightness, in other words, plays a central role in determining

bargaining outcomes.

External validation: Willingness-to-Pay. Given the central role of amenities, we pro-
vide external validation of these parameters. To that end, we compare our amenity
estimates to the preference estimates from Maestas et al. (2023), who design a vignette
experiment within the American Working Conditions Survey (AWCS). Respondents
are presented with pairs of hypothetical job profiles that vary randomly across sev-
eral attributes and asked to select their preferred option. We restrict the sample to
respondents with at least a bachelor’s degree and to choice pairs in which both jobs
require at least 35 hours per week. Jobs offering 35-49 hours are classified as regular-
hours jobs, and those offering 50 or more as long-hours jobs, matching our main def-
initions. We estimate a conditional logit model on the binary choice data with log
earnings, a long-hours indicator, and a vector of other job amenities, separately for dif-
ferent worker types and sectors. Willingness to pay for regular hours is recovered as
the compensating earnings differential implied by the estimated coefficients. Because
the two methods produce estimates on different scales, we demean both within each
dimension.” Figure 7 plots the demeaned estimates against each other. The raw cor-
relation is 0.43: subgroups for which our model predicts a higher willingness to pay
for regular hours, such as younger workers, women, and those in science occupations,
also display stronger preferences for shorter hours in the survey experiment. Remov-
ing Younger Men from both samples raises the correlation substantially, to 0.77.

BThe two approaches differ in two main ways. First, conceptually: our model captures total com-
pensation differences between regular-hours and long-hours jobs, whereas the survey isolates the hours
effect experimentally. Second, in terms of data and sample: our estimates rely on a selected sample of
high-earning college graduates, while the AWCS asks for sectors and not occupations (at a coarse two
digit level), and contains just 824 respondents (as few as 30 in the smallest cell).
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Figure 7: External Validation: Willingness-to-Pay

Survey (AWCS)
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Structural Model (ACS)

Notes. This figure shows standardized WTP estimates for regular hours
from our structural model against survey-based estimates from the
AWCS (Maestas et al., 2023). Both sets of estimates are standardized
within dimension (gender x age and occupation). The raw correla-
tion is 0.43; removing Younger Men from both samples significantly in-
creases the correlation to 0.77.

5.2 Decompositions

Long-hours earning premiums. To better understand how equilibrium long-hours
premiums are shaped, we introduce a decomposition based on the equilibrium wage
function in Equation (5). Let z denote a long-hours arrangement and 2’ a regular-

hour arrangement. Let 1, = ZN 4 denote the relative frequency of type x in the pop-

ulation. The equilibrium long-hours premium across occupations (averaged across
worker types) is defined as AW, = > 1, (Wyy. — Way.r), which can be decomposed

into contributions of three components:

> o >
~

~~
A Productivity A Amenity

AW, = Z Haz <pryz = Pay ) (1 = F(0zy2)) + (Qayer — Qayz) F(0y2)

+ gF(waz’) - F(waz»q)ﬂcyg’) :

~
A Bargaining Power

See Appendix A.5 for the derivation.

The first component captures differences in firms” production technologies. The

24



long-hours premium is larger the more productive long hours are relative to the regular-
hour alternative (p,,. > puy~). How much of this additional productive value is passed
on to workers, however, depends on firms’ bargaining weights F'(f,,.). The second
component captures the amenity loss from moving from regular to long hours. When
long hours substantially reduce workers’ non-material benefits (c,., > a4, ), the long-
hours premium increases, again with the magnitude depending on bargaining power.
The final term reflects how market tightness directly affects the division of surplus.
When long-hours markets are tighter (0,,. > 0,,.), firms have less bargaining power
than in regular-hour markets (F(6,,.) < F(0,,.)), and capture a smaller share of the
joint surplus ..

Figure 8 presents the results from this decomposition. From the first column, it
is apparent that productivity drives a substantial part of the long-hours premium in
high-earning Business occupations: the productivity channel inflates equilibrium earn-
ings by around 30 to 37%. In contrast, in other occupations such as Tech, productivity
makes almost no contribution to the earnings premium. The second column shows
that amenity values are instead a key driver of the long-hours premium: across all oc-
cupations, the disutility of working long hours is one of the largest contributing factors.
This is notably the case in Training & Teaching, Science, and Advanced Clinical Profession-
als, where the long-hours premium simply reflects compensation for the additional
costs workers incur when working long hours. The amenity contribution for Advanced
Clinical Professionals exceeds 100%, which partly reflects the fact that this is one of the
occupations for which our model overestimates the long-hours premium, as illustrated
in Figure 3.7

The third column highlights the contribution of bargaining power. When long-
hours markets are tighter than regular-hours markets, the long-hours premium is in-
flated. This is especially the case in occupations where we documented large excess
demand, such as Tech occupations. Consistent with our productive-value estimates
in Figure 5, these occupations exhibit almost no productive-value contribution to the
earnings premium; yet because these markets are tight, workers are able to capture
a large share of the surplus, as reflected in the substantial contribution of bargaining
power (between 18 and 37%).

Gender earnings gap. We now decompose the gender earning gap. To that end, let

x and 2’ be two types of workers that share the same characteristics except for gender:

26 A plausible reason is that earnings in these occupations are driven more by institutional forces than
by bargaining within our competitive search environment. Pay scales for Advanced Clinical Profession-
als are often set through collective bargaining or hospital and health-system salary structures, which
compress the earnings variation that our model attributes to equilibrium responses to amenities and
tightness. We retain the results for this occupation for completeness.
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Figure 8: Decomposition: Long-Hours Earning Premium
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Notes. This figure shows the decomposition of the long-hours premium across occupations (Equa-
tion (16)), expressed as a percentage of the total earnings difference. The first column shows
the A Productivity term, the second column the A Amenity term, and the final column the

A Bargaining Power term.

x = (m, T) refers to a man with characteristics Z and 2’ = (w, ) to a woman with those

same characteristics. We define the average earnings gap as

AG = My Waye = > My Wy,
Y,z Y,z

where wages are weighted by the number of workers across occupations and hours.

Following Oaxaca (1973) and Blinder (1973), we separate the wage gap into a sort-
ing component and a wage-structure component. Building on the structural wage
Equation (5), we then provide further insights into the different determinants of wages,
as in Morchio and Moser (2026). Let M,, = > M,,. denote the total number of men
of type x working in occupation y and similarly M, = > M,,. the number of women
of type 2’ working in occupation y. These marginals capture gender differences in sort-
ing across occupations. Using them, we define the within-type shares across hours

My

M,,. .
arrangements as 0,,. = ST for men and o0,/,. = 7 for women, which capture
z'y
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differences in sorting across hours. We can then write

AG = Z (EMMJ — A]\[f,;/y)a'g[;y5 + EO'xyz — 0'315/312)]\495/g ) Wz/yz +
Y,z

Y Y
A Sorting in y A Sorting in z
3 (gpzyz Py )1~ Fl0,2)) + (@ — 00y ) F(02) (17)
vz A PI‘OCIlr,ICtiVity A Ar;enity

~
A Bargaining Power

+ EF(HCE’ZJZ) - F(ea:yz))q)z’yf > szz-

See Appendix A.5 for the derivation.

The results from this decomposition are presented in Table 2. The upper panel
shows that the gender earnings gap in the data is about 21%, and the model predicts
this gap almost perfectly, at about 20%. The lower panel shows how much of the earn-
ings gap is explained by each component. Sorting into different occupations and hours
is an important determinant of the gender earnings gap. If men and women worked
in the same occupations, the gap would shrink by about 25%. The gender difference
in sorting into long-hours positions also explains a sizable share, around 7%.%” Both

model-implied contributions are also close to the shares explained in the data.

Table 2: Decomposition: Gender Earnings Gap

Data Model
Earnings Gap 20.8% 20.4%
Decomposition

A Sorting: Occupations 19.2% 24.5%

A Sorting: Hours 7.6% 6.5%
Earnings Structure 73.3%

A Earnings: Productivity 47.1%

A Earnings: Amenities 21.5%

A Earnings: Bargaining Power -2.5%

Remainder: Unexplained 2.7%

Notes. This table shows the gender gap in earnings. The first column
applies a standard Oaxaca-Blinder decomposition, splitting the gap
into differential sorting across occupations and hours, in addition to
within-cell differences. The second column further decomposes the
within-cell component using the structural wage Equation (5). All

components are expressed as a percentage of the observed data gap.

#These magnitudes are broadly in line with the literature. Blau and Kahn (2017) and Olivetti et al.
(2024) attribute roughly a third of the wage gap to occupational sorting, while Olivetti et al. (2024) find

that sorting into long hours accounts for about 10% in the overall population.
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Building on our wage equation, we can further decompose the earnings structure.
First, the productivity channel makes a large contribution to the gender earnings gap,
about 47%. These differences need not reflect actual productivity gaps by gender (e.g.,
from job tenure or job-specific human capital); they may equally capture statistical
discrimination in how firms perceive men’s and women’s productivity, or taste-based
discrimination.? Since our framework cannot separate these sources, the 47% captures
their combined contribution. Second, a substantial gender gap in the cost of work,
reflecting differences in amenities or constraints, explains about 22% of the earnings
gap. Finally, bargaining power has a mildly dampening effect on wage inequality, in
that women have, on average, slightly higher bargaining power.29 In particular, women
tend to sort into slightly tighter submarkets, thereby increasing their relative share of

the surplus.

6 Counterfactual Policy Experiments

We now conduct two counterfactual policy experiments to examine how the gender
earnings gap responds to interventions on opposite sides of the labor market. The first
operates on the demand side, eliminating the gender gap in how firms evaluate work-
ers’ productive value. The second operates on the supply side, reallocating women
from AHSS to STEM degrees.

Experiment 1: Closing the firm-side gender gap. The gender earnings decomposi-
tion above showed that about 47% of the gap can be explained by firms” evaluation of
productive value (see Table 2). Given recent evidence from Sin et al. (2022), who find
only a modest contribution of gender gradients in productivity, most of these differ-
ences in firms’ valuations might reflect statistical or taste-based discrimination rather
than actual productivity gaps. From a policy perspective, it therefore seems prefer-
able to target this part of the gap. Because the share attributable to discrimination is
uncertain, we close this gender wedge to varying degrees in the exercise that follows.
More formally, define 2’ = (w, ¥) and = = (m, &) as above; that is, = is a male worker
with characteristics  and 2’ is a female worker with the same characteristics. We adjust

the productive value for women of type 2’ in occupation y working z hours as follows:

ﬁz’yz = (1 - T)pm’yz + TPzyz,

20ne form of statistical discrimination stems from missing out on promotions around the typical
ages of first childbirth, which lowers the likelihood of within-firm promotions even for women who

never have children (Bronson & Skogman Thoursie, 2019).
2 As noted earlier, these differences do not reflect gender differences in wage negotiation, which have

been identified as an alternative channel for gender wage gaps (Bertrand, 2011; Leibbrandt & List, 2015),
but are instead market-level differences stemming from how men and women sort across submarkets.
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where 7 € [0, 1] captures the degree of convergence. When 7 = 1, the productive values
of women and men are equalized, conditional on the same characteristics z, occupation
y, and hours z.

The first column of Table 3 reports the baseline gender earnings decomposition,
replicating Table 2. Moving from the second to the sixth column, we gradually in-
crease the extent to which the gap in productive values is closed. Fully closing this
gap eliminates 69% of the baseline gender gap. Several other patterns stand out. First,
the productivity component declines smoothly with the convergence parameter, falling
mechanically to zero once the entire productive value is equalized. Second, occupa-
tional sorting falls steadily as women re-sort into occupations that previously carried a
(larger) productivity wedge. The amenity channel, in turn, becomes somewhat more
important, since closing the productivity channel leads women to sort relatively more
on the disutility of long hours. Third, because the perceived productivity gap between
men and women shrinks, firms’ relative demand for women rises, and this heightened
competition for female workers across occupations raises labor-market tightness. Fully
closing the gap, this bargaining channel further narrows the gender earnings gap by
about 15%.

Table 3: Decomposition: Counterfactual Gender Earnings Gap

Convergence rate 7 7=0.0 7=02 T=04 7=0.6 7=038 T=10
Gender gap 20.38 17.85 15.19 12.42 9.53 6.53
Contributions:
A Sorting: Occupations 24.5 % 243 % 232 % 21.6 % 19.3% 16.4 %
A SOI‘tngZ Hours 6.5 % 6.6 % 6.6 % 6.6 % 6.6 % 6.6 %
A Earnings: Productivity 47.1% 37.5% 27.8 % 18.3 % 8.9 % 0.0 %
A Earnings: Amenities 21.5 % 21.9 % 22.2% 224 % 22.6 % 229 %
A Earnings: Bargaining Power -2.5% -4.5 % -6.7 % 9.1 % -11.8 % -14.6 %
Share of baseline gap eliminated 0.00 12.93 26.32 40.06 54.18 68.68

Notes. This table shows the counterfactual gender earnings gap for varying convergence rates 7. Each
column decomposes the within-cell component using the structural wage equation. All components are
expressed as a percentage of the observed data gap.

A significant general-equilibrium effect runs through market tightness: by tighten-
ing the markets where women operate and loosening those for men, the policy experi-
ment strengthens women'’s bargaining power while weakening men'’s on average. Fig-
ure B.9 in the Appendix displays the re-sorting patterns by gender across occupations.
Women move into occupations with higher baseline tightness, such as Tech. Men, by
contrast, face stiffer competition, since firms now treat men and women as more substi-
tutable than in the baseline economy, and consequently re-sort into occupations with
more slack (e.g., Training & Teaching, Advanced Clinical Professionals, and Natural Scien-

tists). Consistent with this, Figure B.10 in the Appendix shows that tightness rises for
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women in almost all occupations and falls for men in nearly all of them.

Experiment 2: Closing the gender gap in STEM. Our second policy experiment op-
erates on the supply side, raising the share of women in STEM by shifting them from
AHSS to STEM fields while holding workers’ preferences and firms” assessment of pro-
ductive value constant. Specifically, we move 20% of women in each age-by-education
cell from AHSS to STEM.* Relative to the ACS composition, this amounts to closing
about 70% of the gender gap in STEM fields, a substantial narrowing of the gap.

Figure 9 decomposes the change in average earnings into within-field and compo-
sitional components. For women, the overall effect of the policy is to raise average
earnings by about 0.7%.*' This change decomposes into within-field contributions of
about -0.03% from AHSS women and -1.06% from STEM women, alongside a positive
compositional contribution, so the net increase is driven almost entirely by composi-
tional effects.’> The reason is that, on average, women in STEM sort into relatively
higher-earning occupations, and this compositional gain dominates even though the
larger supply of STEM women lowers average earnings within STEM. For the effects of
average earnings of women at the occupation level, see Figure B.11

For men, average earnings fall slightly, by about 0.41%, with AHSS and STEM men
each contributing around -0.2%. The driver is the equilibrium rebalancing of tight-
ness across submarkets: STEM-intensive occupations become more crowded as women
with STEM degrees enter, intensifying competition for STEM men. This competition
spills over to AHSS men as well, particularly in Business occupations, where AHSS
men’s baseline employment shares are largest. This pattern is illustrated in Figure B.13
in the Appendix. Overall, the gender earnings gap drops by about 1 percentage point.

Discussion and comparison. These experiments yield two main takeaways. First,
general-equilibrium effects are quantitatively important, and their sign is ambiguous a
priori: depending on the intervention, they can either amplify or attenuate the direct
impact. In the first policy, the general-equilibrium response reinforced the direct effect,
adding a further 15% of gap closure through the bargaining channel. In the second,
it worked in the opposite direction. While shifting women into STEM does narrow

3More formally, let z = (w,#, AHSS) denote a woman with characteristics # (age and educational
attainment) and an AHSS major, and let 2’ = (w, , STEM) denote the otherwise identical woman with
a STEM major. The new numbers of women of each type are then N, = 0.8N, and N, = N,/ + 0.2N,

for all Z, reflecting a shift of 20% of AHSS women into STEM.
31This is much smaller than the first policy’s effect: that policy acts on the perceived productive-

value gap and the associated tightness adjustments, whereas this one shifts only composition. A caveat:

moving women into STEM may also have indirect benefits through role-model effects.
32To be more specific, we calculate this compositional effect by averaging out the changes in the share

of women in each undergraduate field, multiplied by the average earnings for women in that field.
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Figure 9: Decomposition: Counterfactual Earnings Difference
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Notes. This figure shows the difference in earnings between the baseline and counterfactual equi-
libria. The first and second columns highlight how much of the total earnings difference is due to
earnings changing for individuals with an AHSS degree. Similarly, the third and fourth column
show the contribution of within-STEM earnings differences. The fifth and sixth column capture
the contribution of the composition shifting from AHSS toward STEM degrees. The final two

columns show the total difference in earnings.

the gap in occupational sorting, the resulting inflow congests the submarkets these
women enter, loosening them and eroding workers’ bargaining power, which partially
offsets the direct gains to women’s earnings. The same congestion mechanism that
strengthens women’s position in the first experiment thus weakens it in the second.

Second, the gender earnings gap is fundamentally a pricing problem rather than a
sorting problem. The decomposition in Table 2 attributes a larger share of the gap to
perceived gender differences in productive value than to sorting across occupations.
Reallocating women across fields therefore raises their average earnings through bet-
ter placement, but cannot close the residual gap with, for instance, STEM men, which
stems from how their productive value is priced rather than from where they are em-
ployed. Closing that gap requires acting on firms” valuations directly.

7 Conclusion

This paper studies why long-hours premiums arise and why they vary across occu-

pations. Previous work emphasizes firm-side productivity premiums (Goldin, 2014);
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we instead highlight the role of workers” amenities and of the environment in which
workers and firms interact. We develop a tractable equilibrium search-and-matching
framework that combines directed search, as in Moen (1997), with two-sided unob-
served heterogeneity, as in Choo and Siow (2006). The model delivers an intuitive
equilibrium wage function that decomposes the long-hours premium into its compo-
nents. Two counterfactual policy experiments underscore the importance of account-
ing for general-equilibrium effects.

An important direction for future research is to further unpack the determinants
of workers” amenities and firms’ productivity. On the worker side, the value placed
on long hours may reflect genuine preferences, prevailing societal norms, and binding
constraints such as childcare responsibilities. On the firm side, measured productivity
values may similarly conflate true productivity differences, employers’ perceptions of
productivity, and taste-based discrimination. Separating these channels would further
sharpen the welfare and policy analysis, since the appropriate response may depend
on which one dominates. A further valuable direction would extend the model to in-
corporate human capital accumulation and dynamic returns to long hours, capturing
how today’s hours shape future earnings.
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The Price of Long Hours
Online Appendix

A Theory

A.1 Derivation of Equation (5)

We now derive equilibrium wages in Equation (5). To that end, we first substitute out
W from the participation constraint in Equation (4). This yields the following uncon-

strained optimization problem:

Uy
rgf::( Q (emyz) ((I):chz - P (egpyz)> 7

where ®,,. = o,y + p,y. denotes the total surplus in the match. Deriving the first-order
condition (FOC) gives
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of the FOC by 6,,., we obtain
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Substituting workers” market utility and using the definition of the job finding elasticity

Using the fact that %&%z) — PlPay:) ( L OD(eys) _ L), and multiplying both sides

then yields Equation (5).

A.2 Auxiliary Results

Lemma A.1. Forall (z,y,z)and 0 € ©,
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Lemma A.2. Forall (z,y,z)and 0 € ©,
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A.3 Proof of Proposition 1

We prove existence of a directed search equilibrium by means of Brouwer’s fixed point
theorem. We stack the system in Equation (9) across submarkets. The problem reduces

to finding a fixed point & = T (@) , where the vector-valued map T is defined as

T:0-0:0-T(9) = e (©)

Note first that both payoff terms U, and I, are bounded for all submarkets:

lim U,y (0) = ®,,. lim P(6,,.)(1 — F(0,,.))

eccyz—>0 acyz_’o
B,y lim (1+6))5
= Pgy, 11N TYz 1L ox )
=0,
and
exylzlinm Usy: (0) = Dy
Similarly,
i Ty (0) = ®uye Im Q(0nye) F(0y)
1-X
= Oy lim (14+0%) % 0>
= (I)xyza
and

lim I, (8) = 0.

ezyz_’+00
Given the monotonicity result in Lemma A.1, we therefore obtain that U,,.,Il,,. €
[0, D,,.] for all (z,y, 2).
For all y, define m,, = max,/ .» exp (P, ). Observe that Sj: oy (@) is bounded as

N, /

Y < Nymy
|X[|Z[m,

6 <2z

. (A1)

zzly
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Similarly, for all z, define m, = max,/ , exp (Pyy»). Si°,. (0) is bounded as

yz|z
N, w Nm,
Pz < @) < iz A2

Together, Equations (A.1) and (A.2) imply that, for all (z,v, z),
/
Sacz|y (0) < a

Lxyz ~ Sw (0) ~ TYz

yz|z
Ny |Y[mammy
Ng|x| -
we have that T (©) < ©. Since T is continuous on

Ny |V
= N[ X[mammy

Deflnmg 0= X

where 0, and gxy =

T,Y,2 [ TYz? xyZ]
©, Brouwer’s fixed point theorem implies that there exists at least one 8* € © such that

6* = T (6%).3

A.4 Proof of Proposition 2

We show uniqueness by leveraging Theorem 1 in Berry et al. (2013), henceforth de-

noted as BGH. Rewrite the system of equations in Equation (9) in logs, i.e.,
10g 0y = log ST, (8) —log Si.(6),
and define the mapping o : © — RI¥I*IVI¥IZl with typical element
Oy-(0) =10g 0.y, + log S, (6) — log Smy(e) (A3)

Directed search equilibria € coincide with the roots of o. We further define the auxil-

iary mapping, with 0 a fictitious outside submarket,

0)=1— ) 0y:(6). (A4)

$7y12

We first establish two auxiliary lemmas about these mappings.
Lemma A.3. Forall (z,y,z)and (z',y', %) # (z,y, 2), and for all @ € O,
004,-(0) | <0, ifr=2oory=1y,
oy | = 0, otherwise.
Proof. By Equation (A.3) and Lemma A.2,

00,,-(6) 0logSY, (6) dlog 7., ()

001,y Opryr OBy

<0, ifx=2"ory=1y,
=0, otherwise.

]

(0) and Saf?z‘y( ) are continuous in ,and 57| (0) > 0 through-

*The map T is continuous on ©: Sy*,

out O since the logit shares are strictly positive and N, > 0.
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Lemma A.4. If a submarket (x,y, z) satisfies

w 1 s 1
7Tyz|x(0) < W’ and ’/'Tm'y(e) < W’

0o (0)
then anTyz < 0.

Proof. By Equations (A.3) and (A.4) and Lemma A.2,

00o(0) _ Z 0041y (0)

ae:pyz z'y 2 aexyz
1 dlog S,,(6) . Z dlog S, )
emyz ] aemyz aeacyz

32

1 OU 1y (02

x! 2’

Meve o) (1 212107, (0))

-

v v = Y
>0 >0 >0 <0

< 0.

~
=0

]

We now verity that Assumptions 1-3 of BGH are satisfied. Theorem 1 of BGH then

implies that o is inverse isotone, hence injective, so the equilibrium system has at most

one root.

e Assumption 1 of BGH (domain)

The domain © is a Cartesian product (see the proof of Proposition 1).

e Assumption 2 of BGH (weak substitutes)

By Lemma A.3, af;yz < Oforall (x,y,2) and (2, v/, 2') # (z,y, 2).

e Assumption 3 of BGH (connected strict substitution)

By Lemmas A.3 and A.4, there is a directed path of strict substitution from each
submarket to the auxiliary submarket 0. First, Lemma A.3 ensures a directed path

from any submarket (x,y, z) to any other (2',y', 2'):

(xvyu Z) - (x>y/72,) - (x/7y/72,)7

sharing the worker type x on the first edge and the firm type ¢’ on the second.
Second, since (z',y/, 2’) was arbitrary, take it to be a submarket for which the con-
ditions of Lemma A.4 hold. For this submarket there is a directed path

('), 2") — 0.

Together these yield a directed path of strict substitution from every submarket
to the auxiliary submarket.
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Finally, we provide economically interpretable conditions under which the inequal-
ities in Lemma A.4 hold. The condition requires a single submarket (z,y, z) that is
unattractive enough to both sides, relative to the other options available to a worker of
type z or a firm of type y, that neither side would direct search to it more often than
under the uniform-search benchmark.

Lemma A.5. Forall (x,y,z)and 6 € O,
— 1 — 1
U:r: z(ea: z) < o Uac ’z’(em ’z’) = ﬂ-wz:c<0) S oS
Y12 yz;' e v V|| Z]

b
[x[[Z]

1 _
Iy (0zy2) < 2] Z Moy (Ouryer) = 7l (8) <

Proof. We prove the worker-side implication; the firm-side argument is symmetric. Ap-

plying the exponential function to both sides of the inequality, we obtain

— 1 _
exXp (Uzyzwzyz)) S eXp (W Z Umy’z’@zy’z’)) .
y/7Z/

Since the exponential function is convex, by Jensen’s inequality,

<|y|| ZUa:yz xy' 2! > |y|| Zexp q:yz a:yz’)).

Together, this gives

1 —
exXp (nyz(emyz)) < |y||Z| /ZZ/ exp (nylzl(ﬁzyle)) .

Dividing both sides by 3., ., exp (Usy 2 (0ry-)) > 0 and using the definition of Tt (0)
yields the conclusion. O

A.5 Derivation of Equation (16)

Using Equation (5), we have that

AWy = D 112 (L= F(0ry2))pays = F(Ory)tays) = (1= F(Byor)) Pyt = F(Oyer) )]
Adding and subtracting both >} 1,((1 — F(0yy2))pay> and >, p1. F(0yy.)) 0y yields
Equation (16).

A.6 Derivation of Equation (17)

We have that
AIG = Z (MxyzWa:yz - Mx’yzwx’yz)

- Z TYz ! yz)Mmyz + (M:ryz - Mm’yz)wx’yz) )
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where the last equality follows from adding and subtracting >, . M.,.W,,.. Using

Equation (5), we obtain

Wfﬂyz - Ww’yz = (1 - F(Qﬂcyz»pmyz - F(Q:vyZ>&wyZ) - ((1 - wa’yZ))pz’yz - F(Qx’yZ)aw’yZ)
= (pzyz - px’yz)(l - F(emyz)) + (a:v’yz - Oé:vyz)F(exyz) + (F(ex’yz) - F(exyz))q)x’ym

where the last equality follows from adding and subtracting both (1 — F'(6,,.))pay. and
(1 — F(0yy:))0ry.. In addition, one can verify that

M$yz - M.t’yz = (Maxy - Mx’y)o-x’yz + (Jwyz - Ox'yz)Mxy-

Together, this yields Equation (17).
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B Application

B.1 Data

B.1.1 Occupation Types

This section provides an overview of the individual occupations, as defined by their
three-digit SOC codes, that are included within each occupation type. Note that the
individual occupations are the same as those selected in Goldin (2014).

Business.

e Business Ops
Buyers and Purchasing Agents, Claims Adjusters, Appraisers, Examiners, and
Investigators, Compensation, Benefits, and Job Analysis Specialists, Compliance
Officers, Cost Estimators, Human Resources Workers, Logisticians and Project
Management Specialists, Management Analysts, Market Research Analysts and
Marketing Specialists, Meeting, Convention, and Event Planners, Miscellaneous

Business Operations Specialists, Public Relations Specialists

o Exec’s and GMs
Chief Executives, General and Operations Managers

e Financial Ops
Accountants and Auditors, Actuaries, Budget Analysts, Credit Analysts, Credit
Counselors and Loan Officers, Financial Analysts and Advisors, Financial Exam-

iners, Miscellaneous Financial Specialists

o Lawyers and Judges
Judges, Magistrates, and Other Judicial Workers, Lawyers and Judicial Law Clerks

e Sales
Advertising Sales Agents, First-Line Supervisors Non-Retail Sales, Insurance Sales
Agents, Miscellaneous Sales Representatives, Services, Sales Engineers, Sales Rep-
resentatives, Wholesale and Manufacturing, Sales and Related Workers, All Other,

Securities, Commodities, and Financial Services Sales Agents

e Managers
Administrative Services and Facilities Managers, Advertising and Promotions
Managers, Architectural and Engineering Managers, Compensation and Bene-
tits Managers, Computer and Information Systems Managers, Construction Man-
agers, Economists, Emergency Management Directors, Financial Managers, Hu-

man Resources Managers, Industrial Production Managers, Marketing and Sales
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Managers, Medical and Health Services Managers, Miscellaneous Managers, Pub-
lic Relations and Fundraising Managers, Purchasing Managers, Training and De-

velopment Managers, Transportation, Storage, and Distribution Managers

Health.

e Adv. Clin. Prof.

Nurse Anesthetists, Nurse Practitioners, Physician Assistants, Veterinarians

e Clin. Prof.
Audiologists, Dietitians and Nutritionists, Miscellaneous Healthcare Diagnosing

or Treating Practitioners, Psychologists, Registered Nurses, Therapists

e Medical Practitioners
Chiropractors, Dentists, Optometrists, Pharmacists, Physicians, Podiatrists, Sur-

geons

Other.

o Training & Post-Secondary Teachers
Education and Childcare Administrators, Post-Secondary Teachers, Training and

Development Specialists

o Other
Actors, Producers, and Directors, Agents and Business Managers of Artists, Per-
formers, and Athletes, Air Traffic Controllers and Airfield Operations Specialists,
Aircraft Pilots and Flight Engineers, Detectives and Criminal Investigators, First-
Line Supervisors of Firefighting and Prevention Workers, First-Line Supervisors
of Law Enforcement Workers, Ship and Boat Captains and Operators, Writers and
Editors

Science.

e Natural Scientists
Agricultural and Food Scientists, Astronomers and Physicists, Atmospheric and
Space Scientists, Biological Scientists, Chemists and Materials Scientists, Environ-
mental Scientists and Geoscientists, Miscellaneous Life Scientists, Miscellaneous
Mathematical Science Occupations, Miscellaneous Physical Scientists, Natural

Sciences Managers, Operations Research Analysts

e Social Scientists
Architects, Except Naval, Miscellaneous Social Scientists and Related Workers,
Surveyors, Cartographers, and Photogrammetrists, Urban and Regional Planners

A9



Tech.

o Comp. Programmers
Computer and Information Analysts, Software Developers and Computer Pro-

gramimers

o Cybersec. & Infrastr.
Database and Network Administrators and Architects, Information Security An-

alysts, Miscellaneous Computer Occupations

e Engineers
Aerospace Engineers, Bioengineers and Biomedical Engineers, Chemical Engi-
neers, Civil Engineers, Computer Hardware Engineers, Electrical and Electronics
Engineers, Environmental Engineers, Industrial Engineers, Including Health and
Safety, Marine Engineers and Naval Architects, Materials Engineers, Mechanical
Engineers, Mining, Petroleum, and Geological Engineers, Miscellaneous Engi-

neers

B.1.2 Data Sources

ACS. The American Community Survey (ACS) is an ongoing annual survey con-
ducted by the United States Census Bureau. It collects detailed information on so-
cial, economic, demographic characteristics that is representative for the US popula-
tion. The Census Bureau samples about 1% of the population each year, which yields
approximately 3.5 million individuals. The Integrated Public Use Microdata Series
(IPUMS) provides harmonized microdata versions of these data, ensuring that vari-

ables are coded consistently across survey years (Ruggles et al., 2025).

NLx Research Hub. The National Labor Exchange (NLx) is a non-profit online labor
exchange operated by the National Association of State Workforce Agencies (NASWA),
which represents the workforce agencies of all states in the United States, and by the
DirectEmployers Association (DE). The exchange aggregates job vacancies from vari-
ous individual sources, such as companies’ career websites, states” job vacancy banks,
and the federal jobs portal. These vacancies identify several characteristics of the job.
We use information on the timing, region of employment, and occupation to construct
the regional distributions of occupational vacancies (see below).

The vacancies are vetted to omit junk records and remove duplicates. The Research
Hub of the NLx provides data, both real-time and historical snapshots, about all the
job vacancies available on the exchange. The historical snapshots offer information on

all open vacancies on any given day, and the NLx provides pooled monthly versions.
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The NLx aims to cover all online job postings in the United States. But not all job open-
ings are posted as online vacancies. Previous work by Hershbein and Kahn (2018),
Deming and Noray (2020), and Acemoglu et al. (2022) has assessed how representa-
tive online vacancies are, using a commercial dataset by lightcast.io. They found that
online vacancies are generally representative in terms of industries and occupations.
The main shortcoming, see, for example, Section 3.A in Hershbein and Kahn (2018),
is that highly skilled occupations tend to be overrepresented. Since our application fo-
cuses precisely on this segment of the labor market, this limitation is unlikely to pose
serious concerns.

JOLTS. The Job Openings and Labor Turnover Survey (JOLTS) is collected by the
Bureau of Labor Statistics (BLS) in the United States. The survey questions more than
20,000 establishments about their job openings and hires each month. Based on these
questions, the BLS estimates the total number of job openings in the United States. For
a vacancy to be measured in JOLTS, three conditions need to be satisfied on the last
business day of the month: (i) a position exists and has work available, (ii) the job can
start within thirty days, and (iii) there is active recruiting for workers from outside of
the establishment.

Vacancy coverage. A comparison between the vacancies in JOLTS and NLx is pro-
vided at nixresearchhub.org/nlx-joe. They highlight the substantial coverage of NLx
vacancies. About 46.3% of JOLTS vacancies are represented in an NLx opening. And
this is the aggregate number across all sectors and occupations. Coverage in our subset
of highly skilled occupations is even higher. The two series also move similarly over

time, with a correlation between the monthly openings in both datasets of 0.94.

Vacancy construction. To construct and scale the distribution of job vacancies across
occupations for each state and year, we draw on two data sources: the first provides

the total number of vacancies, and the second the occupational distribution.

o Aggqregate levels
The JOLTS also reports the number of job openings per unemployed worker. This
allows for simple scaling with our sample.

e Occupational distribution
To construct the job vacancy distributions, we keep all unique vacancies in NLx
that open in a given month. We then pool all months and years to estimate the
distribution of job vacancies at the state x occupation level. Vacancies which are
open for several months are counted multiple times, as in JOLTS. While we could
filter these out, including them likely yields a more accurate representation of
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the vacancies that workers face a given moment within the year. We scale these
distributions by the number of job vacancies per unemployed worker from JOLTS

and the number of unemployed workers in our ACS sample.

B.2 Empirical Implementation

Normalization of parameters. As discussed in Section 3, our parametrization of o,
and p,,. requires additional normalizations. Consider first the amenity parameters.
We normalize the hours-related components to zero at long hours, setting «,,, = 0 for
every worker type z and «,, = 0 for every occupation y when z = long hours. A fur-
ther indeterminacy remains, as the levels of «,, and «,, at regular hours are identified
only up to a common shift. We resolve it by additionally setting «,. = 0 for a sin-
gle occupation at regular hours.** Together, these restrictions imply that the estimated
amenity parameters measure the relative utility benefit of working regular over long
hours. Consider next the productivity parameters. Symmetrically, we set p,, = 0 for
all occupations y at regular hours, so that the estimated productivity parameters mea-
sure the relative gain of working long over regular hours. For parsimony, we further

set p,, = 0 for all z and =.

Location and scale of earnings. Our identification treats the four macro-regions of
the U.S. as cross-sectional draws from a common labor market that share the same sur-
plus structure and matching technology. This assumption allows compositional vari-
ation in N, and N, across regions to identify the model. In practice, however, there
are substantial regional wage differentials, reflecting differences in the cost of living,
regional price levels, and broader local economic conditions that our model does not
capture. To accommodate these, we include region fixed effects in the wage equation.
In addition, because the model has no intrinsic unit for the surplus, we include a scale
parameter for wages: concretely, we estimate an additional multiplicative constant in

the wage function, leaving the units in which wages are measured unrestricted.

Scaling of matches. The data sources underlying our moments differ in magnitude:
the matching patterns reflect the stock of existing employment relationships, whereas
the unemployment and vacancy series are substantially smaller. To place these objects
on a common basis, we scale all matching-pattern moments by the average monthly
nonfarm separation rate over the sample period, as reported in JOLTS. This brings

the matching moments to a magnitude comparable to the unemployment and vacancy

34We use Social Scientists for this normalization, since a preliminary fit of the model yielded the lowest
surplus for this occupation. Setting c,,, = 0 here is therefore unlikely to place the normalization in a
region of the parameter space where surplus is most informative about the remaining parameters.
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stocks, so that the implied volume of new matches is consistent with observed monthly

hiring and separation flows.

B.3 Results
B.3.1 Descriptive Statistics

We first provide a brief overview of the sample, and show that that hours and earnings
differ substantially across types. Next, we highlight differences in the occupational
distributions of filled and vacant positions.

Table B.1 presents further summary statistics about the estimation sample, which
is constructed from the 2022 to 2024 waves of the ACS. The sample is constructed sim-
ilar to Goldin (2014), consisting of over 800,000 individuals individuals ages 25 to 64
that work full-time (> 35 hours) and full year (> 40 weeks). We have slightly more
men (~ 53.3%) than women, which is because we focus on selected occupations. The
unemployment rate is in line with the aggregate number (~ 4.1%). All individuals in
our sample hold at least a BA degree, and 44% have a MA*. Women are slightly higher
educated than men, while men are significantly more likely to have a STEM under-
graduate degree (43 vs 20%). The remaining 57 and 80% instead studied AHSS fields.
About 58% are 40 years or older, with men slightly older than women.

The occupations of men and women are relatively similar. In total, about 54% work
in Business, 15% in Health, 18% in Tech, 6% in Science, and 8% in Other occupations.
The main difference is that women work more in Health (23% compared to 7%) and
men work more in Tech (26% compared to 8%). We also find that men (26%) are more
likely than women (19%) to work long hours. The raw gender gap in annual earnings is
just over 20%, with men earning about 140,000 dollars per year compared to women'’s
110,000 dollars before taxes. There is also more variance in men’s earnings than in
women’s. The gender gap in hourly wages is just below 20%, with men earning 60

dollars compared to women'’s 50 dollars, again with higher variance among men.

Hours and earnings. Figure B.1 shows the variation in hours and annual earnings
across worker- and occupation types. Panel (a) highlights earnings differences across
occupations. The highest earning groups in the sample are Medical Practitioners, Exec-
utives and General Managers, and Lawyers and Judges, who all earn between 150,000 and
200,000 dollars per year. Just below them are upper-level Business occupations, such
as Managers, Sales, and Financial Operations, as well as Computer Programmers, Engineers,
and Advanced Clinical Professionals, who earn between 1100,000 and 150,000 dollars per
year. At the lower end, Clinical Professionals and Training and Teaching occupations have
average annual salaries of just below 100,000 dollars.
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Table B.1: Summary Statistics

Men Women Total

Observations
Employed 416,113 361,667 777,780
Unemployed 15,471 17,216 32,687
Demographics
Master’s Degree + 0.42 0.46 0.44
Age > 40 0.59 0.56 0.58
STEM Field 0.43 0.2 0.32
Occupations
Business
Business Ops 0.09 0.13 0.11
Exec’s and GMs 0.06 0.04 0.05
Financial Ops 0.06 0.08 0.07
Lawyers and Judges 0.03 0.03 0.03
Managers 0.22 0.21 0.21
Sales 0.08 0.06 0.07
Health
Adv. Clin. Prof. 0.01 0.03 0.02
Clin. Prof. 0.03 0.16 0.09
Medical Practitioners 0.03 0.04 0.04
Other
Other 0.03 0.02 0.02
Training & Teaching 0.05 0.08 0.06
Science
Natural Scientists 0.05 0.05 0.05
Social Scientists 0.01 0.01 0.01
Tech
Comp. Programmers 0.1 0.03 0.07
Cybersec. & Infrastr. 0.06 0.03 0.04
Engineers 0.1 0.02 0.07
Hours
Regular Hours 0.74 0.81 0.77
Long Hours 0.26 0.19 0.23
Earnings

Avg. Annual Earnings (in k$) 14048 11093  12.67
Std. Dev. Ann. Earnings (in k$) 88.57 68.19 8.11
Avg. Hr. Wage (in k$) 0.06 0.05 0.06
Std. Dev. Hr. Wage (in k$) 0.04 0.03 0.03

Notes. This table shows summary statistics for the ACS (2022-2024). The selected sample consists
of 25 to 64 year old individuals with at least a Bachelor’s degree that are either unemployed or
employed full-time and full-year in a higher earning occupation as in Goldin (2014).

Panel (b) highlights differences in hours across the same occupation types. Work-

ing long hours is particularly common in the highest earning occupations, being Execu-
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Figure B.1: Earnings and Hours by Type
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(b) Hours by Occupation Type
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Notes. These figures present earnings and hours by worker and occupation type. Estimates are based
on the ACS (2022-2024). Panels (a) and (c) show the distribution of annual earnings across the
occupation and worker types defined in Section 4. Panels (b) and (d) show the fraction of workers

that work long hours, defined as more than 50 per week, across the same types.

tives and General Managers, Lawyers and Judges, and Medical Practitioners. Among them,
35 to 45% reports working more than 50 hours per week. In lower earnings occupa-
tions, such as Clinical Professionals, Social, and Natural Scientists, working long hours
is relatively unusual. Among them, around 15% or less reports long weekly hours.
While higher earning occupations are generally characterized by longer hours, there
are important exceptions. In Tech occupations only a small fraction of individuals re-
ports long hours, yet their monthly earnings are among the highest, while Training and
Teaching occupations show the opposite pattern.

Panel (c) shows earnings differences across worker types. This highlights that older
men are the highest paid group in the sample, irrespective of education levels. Their
average annual earnings range from about 140,000 (BA, AHSS) to over 175,000 dollars
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(MA*, STEM). The only other group that earns more than 150,000 are older women
with MA* education and a STEM undergraduate degrees. The next groups are older
women and younger men with MA* education and an AHSS undergraduate field, gen-
erally earning between 110,000 and 125,000 dollars per year. The remaining groups,
consisting mainly of younger men and women without graduate education, earn be-
tween about 80,000 and 110,000 dollars per year. These earnings differences by gender
and education are well-documented, see for example the review by Blau and Kahn
(2017).

Panel (d) highlights differences in working hours across worker types. The first
main pattern is that, within education and experience levels, men are more likely to
work long hours than women. This difference is particularly pronounced for older
workers, among whom up to 30% of men with BA education work long hours, increas-
ing to almost 35% among MA™* educated men who obtained their degree in an AHSS
tield. The corresponding percentages for women of the same type are closer to 20 and
25 respectively. A similar gender gap in hours among full-time workers is presented in
Cortés and Pan (2019). There is also substantial heterogeneity by age and education.
Younger women are very unlikely to work long hours, particularly if they obtained
only a BA degree. Among them, only about 10% reports working long hours. Finally,
we also see that individuals who graduated in a STEM field are generally less likely to
work long hours than comparable workers that opted for an AHSS field.

Figure B.2: Hours within Worker and Occupation Types

(a) Within Occupation Type (b) Within Worker Type
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Notes. This figure highlights the average difference in the number of hours worked between long- and
regular-hour positions. Panel (a) highlights the differences by occupation. Panel (b) shows the differ-

ences by worker type.

Hours within types. This Appendix highlights variation in working hours within

worker and occupation types. Figure B.2 shows the difference in weekly hours between
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along and regular hour position. To better understand this difference, note that average
weekly hours in a regular position are about 40. Panel (b) highlights how regular- and
long-hours jobs differ across occupation types. Across all occupations, the difference is
close to 15 hours. The main exception is Medical Practitioners, who work about 20 hours
per week more in long-hours positions. Panel (b) shows the same difference across
worker types. There is again limited variation across types, and the average difference
is close to 15 hours. The main exception here are younger younger men and women
with STEM undergraduate degrees. For them, working long instead of regular-hours
means an additional 17 hours per week.

Figure B.3: The Distributions of Filled and Vacant Jobs

[] Business D Health D Tech D Science D Other

Managers V=M
Business Ops W
Clin. Prof.
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Engineers
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Cybersec. & Infrastr.
Natural Scientists
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Other
Social Scientists
Adv. Clin. Prof.
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Notes. This figure highlights the occupational distributions of matched jobs (M) and vacancies (V).
Constructed using ACS (matches) and NLx Research Hub (vacancies) datasets.

Filled and vacant positions. Figure B.3 examines the distributions of filled and va-
cant jobs across occupations. The first main pattern is the substantial variation in the
relative size of different occupations. Business roles such as Managers, Sales, Business-
and Financial Operations, account for a large share of both matches and vacancies. They
jointly make up over 45% of both filled and vacant positions. In contrast, Social Sci-
entists, Advanced Clinical Professionals, and Other occupations together represent less
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than 5% of observations in either group. The relative sizes of different occupations in
filled positions aligns well with Cortés and Pan (2019). While there is little compara-
ble evidence on vacancies, the distribution resembles that reported in the Appendix of
Hershbein and Kahn (2018). Because they study a different period and use an alter-
native classification of occupations, the numbers are nonetheless difficult to compare.
The vacancy distribution is also in line with BLS projections of occupational growth.®

A second notable pattern is the gap between the occupational distributions of vacant
and filled jobs. Some occupations make up a substantially larger share of all vacancies
than of filled positions, suggesting considerable excess demand. The main examples
are Clinical Professionals, Sales, and all Tech occupations. While these together account
for over half of all vacancies, they represent just a third of matches. In other occupa-
tions, we see the inverse pattern, as they make up a larger share of filled positions than
of vacancies. These include high-earning occupations, such as Financial Operations, Ex-
ecutives and General Managers, Lawyers and Judges, Medical Practitioners, and lower earn-
ing Training & Teaching occupations, indicating a relative excess in supply. Together,
these results highlight the importance of introducing information about the distribu-

tion of vacancies, which does not necessarily resemble that of filled jobs.

Variation in marginal distributions across markets. To identify the matching func-
tion elasticity, we rely on variation across markets, defined in the empirical application
by the four U.S. macro-regions (Northeast, Midwest, South, and West). Figure B.4
highlights this variation. Panels (a) and (b) show differences in the marginal distri-
butions of worker and occupation types, while panels (c) and (d) show differences in
earnings; colors indicate deviations from the type mean. This variation is substantial,
particularly in the marginal distributions of worker and occupation types. In several
cases, markets with the largest share exceed those with the smallest share by more
than 50%. For example, Advanced Clinical Professionals account for just 0.35% of obser-
vations in the South compared to 0.70% in the Northeast. Similarly, Computer Program-
mers make up 12.6% in the West but just 9.5% in the Midwest. The differences in wages
are smaller but often still substantial. For example, Medical Practitioners earn about
156,000 dollars per year in the Northeast, compared to 184,000 in the Midwest.

B.3.2 Structural Estimates

This section presents the remaining structural parameter estimates omitted from the

main text. Figure B.5 shows the productivity estimates by worker and occupation type,

%For example, the Bureau of Labor Statistics (2024) list of the fastest growing occupations includes
Nurses, Data Scientists, and Information Security Analysts, for which we document a large number of va-

cancies.
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Figure B.4: Workers and Earnings across Markets
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Notes. This figure shows the marginal distributions of worker and occupation types (Panels (b) and
(a)), and their average earnings (Panels (c¢) and (d)) across the four macro-regions. Data from the
ACS (2022-2024), JOLTS, and the NLx Research Hub job vacancy data. The distributions of worker and
occupation types are presented as a fraction of observations within the macro-region, while earnings
are in levels (k$). Colors indicate relative deviations from the regional average.

as measured by p,,. Figure B.6 shows the amenity estimates by worker and occupation
type, as measured by «,. Figure B.7 shows the amenity estimates by occupation type
and hours, as measured by «,..

B.3.3 Decompositions

Women tend to sort into slightly tighter submarkets, thereby increasing their relative
share of the surplus. Figure B.8 explores this further. Panel (a) presents heterogeneity
in market tightness by worker type. It reveals a greater “shortage” of women with
STEM majors than of men with the same major. Panel (b) shows in which occupations
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the shortage of women relative to men is most pronounced, as captured by the ratio
of tightness across the two markets. Shortages are largest in Tech occupations such as
Computer Programmers and Cybersecurity & Infrastructure, both of which are occupations
where wages are driven in large part by bargaining power (see Table 8).

B.3.4 Counterfactual Policy Experiments

Experiment 1: Closing the firm-side gender gap. Figure B.9 shows the re-sorting pat-
terns by gender across occupations. Figure B.10 shows that tightness rises for women

in almost all occupations and falls for men in nearly all of them.

Experiment 2: Closing the gender gap in STEM. Figure B.11 displays the effects
on average earnings by occupation as a function of the relative increase in supply of
women with a STEM degree after the compositional change. There is clearly a neg-
ative relationship, as larger increases in supply of STEM women push down average
earnings. STEM women tend to resort themselves into occupations such as Advanced
Clinical Professionals, Natural Scientists and Medical Practitioners, which tends to decrease
the tightness and thereby average earnings in these occupations. In contrast, occupa-
tions towards the upper-left tend to either experience a net larger outflow of AHSS
women than inflow of STEM women, which increases tightness and thereby bargain-
ing power (e.g., Training & Teaching, see Figure B.12) or due to a compositional change
in which STEM women increase the average productivity within those occupations
(e.g., Managers).%

Figure B.13 highlights the spillover effect of an influx from STEM women (com-
pared to the baseline) into occupations, which causes increased competition, and sub-

sequently downward pressure on average earnings for AHSS men.

%This is clear from Figure B.5, where for Managers, and across other demographic characteristics,
women with a STEM degree have higher estimated (perceived) productive values than their AHSS
counterparts.
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Figure B.5: Productivity Value by Worker and Occupation Type
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Notes. This figure shows the estimated contributions to the productivity value across worker x occu-
pation types (pz,), independent from any occupation-wide or worker-wide contributions. All values
are expressed in terms of annual earnings (in 10k$).
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Figure B.6: Amenity Value by Worker and Occupation Type
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Notes. This figure shows the estimated contributions to the amenity value across worker x occupation
types (o), independent from any occupation-wide or worker-wide contributions. All values are
expressed in terms of annual earnings (in 10k$).
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Figure B.7: Amenity Value by Hours and Occupation Type
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Notes. This figure shows the estimated utility premium for working regular instead of long weekly
hours (o), expressed as a percentage of mean earnings in long-hours jobs across occupations.
Higher values indicate a greater utility from regular compared to long hours. The 95% confidence

intervals are based on the asymptotic variance of the minimum distance estimator.

Figure B.8: Estimates: Market Tightness by Worker Type and Occupation

(a) By Worker Type (b) By Occupation
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Notes. This figure shows the differences in tightness. Panel (a) highlights the heterogeneity of tightness
by worker types, and Panel (b) heterogeneity by occupation.

A.23



Figure B.9: Occupational Resorting by Gender
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Notes. This figure plots the resorting patterns. Panel (a) shows resorting (in percentage point changes
in employment shares) for women when the gender gap in firms’ perceived productive value is fully
closed (7 = 1) onbaseline tightness, and and Panel (b) shows resorting for men as a function of baseline

tightness.
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Figure B.10: Tightness Change by Gender and Occupation
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Notes. This figure plots the change in tightness from baseline to the counterfactual where the gender
gap in firms’ perceived productive value is fully closed (7 = 1) across occupations.
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Figure B.11: Estimates: Counterfactual Earnings and Sorting (Women)
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Notes. This figure highlights the relation between the difference in occupational earnings of
women (y-axis) and the share of STEM women (x-axis) between the baseline and counterfac-
tual equilibria. The bubble sizes indicate the total number of workers in each occupations in the
baseline.
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Figure B.12: Counterfactual Tightness by Occupation
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Notes. This figure plots the change in tightness from baseline to the counterfactual (across occupations,
by gender) when we reallocate 20% of AHSS women to STEM.
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Figure B.13: Counterfactual Earnings and Sorting (AHSS Men)
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Notes. This figure highlights the relation between the difference in occupational earnings of AHSS men
(y-axis) and the share of STEM women (x-axis) between the baseline and counterfactual equilibria.
The bubble sizes indicate the total number of AHSS male workers in the baseline.
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